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ABSTRACT

Precision agriculture increasingly relies on advanced technological solutions to enhance productivity,
management efficiency, and sustainability. This paper investigates the economic and managerial implications of
integrating drone-based decision support systems (DSS) into precision farming practices. Through econometric
simulation, the study evaluates the cost-benefit ratio, return on investment (ROI), and productivity gains
resulting from drone technology adoption in a medium-sized farm. A detailed econometric database was
constructed using simulated and real farm-level data from 20 Romanian agricultural holdings, incorporating
variables such as drone utilization, yield outputs, production costs, labor efficiency, climatic conditions, and
market dynamics. The applied methodology includes regression analysis, ROl computation, and sensitivity
analysis across multiple scenarios reflecting partial and full drone implementation. Results indicate a
statistically significant increase in yield productivity with a rapid amortization of drone investment. Sensitivity
analyses reveal that operational drone maintenance costs, crop market prices, and climatic variability
significantly influence economic outcomes. This research underscores the economic justification and managerial
advantages of drone-based DSS in precision agriculture, recommending further studies for varied crop systems
and broader geographic contexts.
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INTRODUCTION

he digital transformation of agriculture

has led to the emergence of precision
farming as a paradigm for optimizing input
use, increasing productivity, and improving
environmental sustainability. Among the
technologies that have recently gained
traction in agricultural management are
unmanned  aerial  vehicles  (UAVS),
commonly known as drones, which enable
high-resolution monitoring and data-driven
decision-making. Their integration into
decision support systems (DSS) has created
new opportunities for improving real-time
crop management, field operations planning,
and yield forecasting (Pham and Stack, 2018;
Rodino et al., 2023; Kaur et al., 2025).

In Romania, the adoption of smart farming
technologies is still in its early stages,
especially among medium-sized and family-
owned farms. Factors such as high initial
investment costs, lack of technical expertise,
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and uncertain return on investment (ROI)
often hinder the wide-scale implementation
of UAV-based systems. However, empirical
studies suggest that drone-assisted DSS can
significantly enhance labor productivity, reduce
input costs, and improve environmental
performance, particularly when integrated
into a structured farm management model
(Roukh et al, 2020; Bagheri et al., 2023).

Economic evaluation tools such as cost-
benefit  analysis (CBA), econometric
modeling, and sensitivity analysis are
increasingly used to assess the financial and
operational viability of precision farming
solutions. In this context, econometric
simulations allow for the estimation of causal
relationships between technological adoption
and farm-level outcomes, taking into account
variables such as crop yields, input prices,
weather variability, and capital amortization
periods (Dufour et al.,, 2022; Wei et al.,
2024).
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This study aims to simulate the integration
of drone-based DSS into the operational
workflow of medium-sized Romanian farms
by constructing an econometric model based
on real and simulated data. The model
evaluates the efficiency, profitability, and risk
exposure associated with partial versus full
adoption scenarios. The novelty of this
research lies in combining technical UAV
parameters with economic and managerial
indicators to offer a holistic perspective on
technology adoption in agriculture. The
findings are intended to support farmers,
policymakers, and agritech developers in
making informed decisions regarding
precision agriculture investments.

MATERIAL AND METHODS

Data Collection and Variables

The empirical foundation of this study is
based on an original dataset constructed from
20 medium-sized agricultural holdings in
southern Romania, observed across three
consecutive agricultural years (2021-2023).
These farms range from 100 to 300 hectares
in size and were selected to ensure a degree
of structural similarity in terms of crop types,
mechanization, and climate conditions. The
data was gathered using a mixed-method
approach, combining semi-structured
interviews with farm managers, standardized
farm production logs, and digital accounting
records.

The core objective of data collection was
to capture the economic and managerial
implications of adopting  drone-based
decision support systems (DSS). Each
observation represents a unique farm-year
combination and includes the following key
variables:

«Crop Type and Area Cultivated (ha) -
wheat, corn, and sunflower being the
dominant crops.

e Yield (tons/ha) - harvested output per
hectare, the main productivity indicator.

e Production Costs (€/ha) - total direct costs
excluding drone-related expenses.

eDrone Usage Level - a three-level
categorical variable (0 = none, 1 = partial use
via services, 2 = fully integrated) alongside a
continuous variable for Drone Operational
Costs (€/ha).

e Labor Input (hours/ha) - adjusted for
mechanization levels.

e Fertilizer and Pesticide Use (€/ha) -
treated separately for analytical clarity.

o Weather Index (0-1 scale) - derived from
local meteorological data, normalized
annually.

e Output Price (€/ton) - market price at
harvest for the main crop per farm.

e Net Profit (€/ha) - gross revenue minus
total costs, including drone operations where
applicable.

Based on these primary variables, we
computed derived indicators such as:

e Input intensity ratios (e.g., fertilizer per
hectare),

« Drone investment amortization period,
and

« Return on Investment (ROI), calculated as:

Profit,, ... — Profit

ROI = nondreneg
Drone Cost per ha

All financial data was converted to EUR
and adjusted for annual inflation based on
national agricultural CPI figures. Farms were
anonymized and assigned consistent IDs to
enable longitudinal analysis. Outliers were
examined and excluded based on a 1.5%XIQR
criterion for the yield and profit variables,
ensuring robustness of the estimations.

Econometric Methodology

To assess the impact of drone-based
decision support systems (DSS) on farm
productivity and profitability, we employed a
panel data econometric approach, using
fixed-effects regression models. This method
allows us to control for time-invariant
heterogeneity across farms and to isolate the
within-farm  variation induced by the
adoption of drone technology.

The general specification of the
econometric model is:

Y, =a+ - DroneUse, + B, - InputCosts,, + B - Labor;, + B, - WeatherIndex;, + u; + A, + ¢,
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where:

« Yj: is the dependent variable representing
either yield (tons/ha) or net profit (€/ha) for
farm i in year t,

 DroneUseit;; is a binary or ordinal indicator
for drone adoption (0, 1, or 2),

e Input Costsj;, Labor;; and Weatherindex;
are control variables,

« uj are farm-specific fixed effects,

« /¢ are time (year) fixed effects,

e &t IS the idiosyncratic error term.

The choice of fixed effects was supported
by the Hausman test, which indicated
significant correlation between the regressors
and farm-level unobserved effects. We
estimated both pooled OLS and fixed-effects
models, reporting cluster-robust standard
errors to account for serial correlation and
heteroskedasticity (Dufour et al., 2022; Leiva
Vilaplana et al., 2025).

The model includes time dummies for
each agricultural year, capturing exogenous
shocks (e.g., price volatility, weather
anomalies), and incorporates a normalized
weather index, following approaches similar
to those used in climate-risk simulations
(Ng’ang’a et al., 2021; Zhang et al., 2024).

To evaluate the economic performance
of drone integration, we constructed a
complementary cost-benefit model focused
on return on investment (ROI). This metric
captures the financial efficiency of drone
adoption by comparing the additional profit
generated per hectare with the corresponding
operational costs.

In addition, a counterfactual simulation
was run by modifying the value of the drone
variable across scenarios (e.g., setting all
farms to level 0 vs. level 2 of drone use)
while holding all other covariates constant.
This allowed us to explore potential gains or
losses under different adoption intensities.

Multicollinearity was evaluated using the
Variance Inflation Factor (VIF), and no variable
exceeded the commonly accepted threshold
(VIF<5). Heteroskedasticity was tested using
the Breusch-Pagan test, with corrections applied
as needed. These robustness checks support the
internal validity of our estimates (McClenaghan
etal., 2023; Xiao et al., 2024).

RESULTS AND DISCUSSION

Descriptive Statistics

The descriptive analysis offers a
preliminary view on the performance
indicators and structural characteristics of the
farms included in the panel dataset, providing
the empirical context for the econometric
estimations.

Across the 20 medium-sized Romanian
farms analyzed, the average cultivated area
was approximately 187 hectares, with wheat,
corn, and sunflower as the dominant crops.
Drone adoption was distributed as follows:
30% of farm-year observations reported no
drone use (level 0), 40% reported occasional
or outsourced drone services (level 1), and
30% were identified as fully integrated users
(level 2).

Basic  descriptive  statistics indicate
substantial variation in yield and net profit
per hectare, which correlates visibly with
drone usage levels. Farms fully utilizing
drone-based  decision  support  systems
recorded average Yyields exceeding 5.4
tons/ha, compared to 4.2 tons/ha for non-
users. A similar trend is observed in
profitability, with drone users achieving net
profits per hectare 22-28% higher, on
average, than non-users, a difference
particularly pronounced in years with
unfavorable agro-climatic conditions
(weather index < 0.6).

Drone-using farms also exhibited higher
input efficiency. For instance, although
fertilizer and pesticide expenditures were
slightly higher per hectare, the marginal
productivity of inputs improved, confirming
findings from Ali et al. (2022) and Hussain
et al. (2023), who also documented better
nutrient use efficiency under precision input
applications.

In terms of labor input, drone users
averaged 9.1 hours/ha, versus 12.7 hours/ha
for non-users, highlighting the time-saving
benefits associated with automated monitoring
and application systems. These differences
are consistent with previous evidence on the
labor optimization potential of UAV-based
tools in agriculture (Sridhar et al., 2023).
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The weather index, normalized between 0O
and 1, showed substantial inter-annual
variation, with 2021 being the least favorable
year (average index: 0.42), while 2023 had
the highest favorability (0.74). Farms with
drone integration demonstrated greater
resilience in unfavorable years, as evident
from the yield dispersion graphs.

To deepen the understanding of how drone
integration correlates with farm-level outcomes,
we present a set of boxplots disaggregated by
drone usage level (O = no use, 1 =
partial/outsourced, 2 = full integration). These
visualizations allow for a direct inspection of
yield performance, profitability, and labor input
under varying technological adoption scenarios.
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Source: own elaboration based on simulation results using Python (Jupyter Notebook).

Figure 1. Yield Distribution by Drone Use

Fully integrated farms (level 2)
consistently achieve higher and more stable
yields per hectare compared to both partial
users (level 1) and non-users (level 0). The
median yield for full drone users surpasses
that of the other categories, while the
interquartile range (IQR) is notably narrower,
indicating reduced variability in production
outcomes. This suggests that drone-supported
decision  systems enhance operational
precision, leading to more reliable crop
performance across fields and seasons
(Figure 1).

Moreover, the reduced number of outliers
among level 2 users implies that these farms

are better equipped to avoid extreme yield
losses, potentially through earlier detection of
crop stress, pests, or nutrient imbalances.
These findings reinforce prior evidence from
Ali et al. (2022) and Sridhar et al. (2023),
who documented that UAV-based monitoring
enhances crop uniformity and minimizes
underperforming field zones.

Such consistency is particularly valuable
in contexts with climatic volatility,
supporting the argument that drone
integration contributes not only to higher
productivity, but also to risk mitigation and
resilience at the farm level.
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Figure 2. Profit Distribution by Drone Use

Net profit per hectare follows a similar
trend to yield, reinforcing the economic value
of drone adoption. The interquartile range
(IQR) for full drone users (level 2) shifts
upward, and both the median and upper
whisker values are significantly higher
compared to non-users and partial users
(Figure 2). This pattern indicates not only
improved physical productivity but also
enhanced financial performance.

The wider dispersion observed among
partial users (level 1) suggests greater
variability in profit outcomes, possibly due to
inconsistent or non-optimized use of drone
services. In contrast, full adopters benefit
from better resource allocation, with more
efficient input usage and reduced operational
waste, as supported by the narrower spread
and higher central tendency.

These findings align closely with previous
research on agricultural cost-efficiency and
technological adoption (e.g., Hussain et al.,
2023; Xiao et al., 2024), reinforcing the
premise that full integration of drone-based
systems into farm management practices

yields measurable improvements in both
economic performance and adaptive capacity.
Specifically, the observed enhancements in
operational margins and the mitigation of
risks associated with market price volatility
and climatic fluctuations illustrate the
strategic value of UAV technologies in
modern precision agriculture. Beyond their
technical  functionality, these  systems
contribute to improved decision-making,
input optimization, and vyield forecasting,
factors that collectively translate into higher
net profitability. Moreover, the data suggest
that the magnitude of these benefits is
contingent not only on the level of drone
integration but also on the presence of trained
personnel capable of interpreting aerial data
and implementing targeted interventions. In
this context, UAV-based tools should be
understood not merely as cost-saving
instruments, but as critical components of a
broader, systematized approach to farm
management that enhances economic
sustainability and long-term resilience.
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Figure 3. Labor Input by Drone Use

Farms adopting drone technologies,
particularly those with full integration (level 2),
report significantly lower labor input per
hectare (Figure 3). The median labor hours
drop by over 25% compared to non-users,
and the interquartile range is also narrower,
suggesting a higher standardization of
operational processes. This reduction in labor
hours is not accompanied by any decline in
productivity, implying a gain in technical
efficiency through automation. Specifically,
time-intensive activities such as visual crop
inspection, pesticide application, and field
mapping are either replaced or optimized by
integrated UAV systems.

These findings are consistent with
previous research by Sridhar et al. (2023) and
Vaidya and Katkar (2022), which emphasize
how drone deployment in agriculture can
reduce manual labor requirements and enable
a reallocation of workforce resources toward
more strategic, decision-oriented tasks rather
than operational execution. Thus, lower labor
input in digitalized farms represents not only
a cost-saving advantage but also a strategic
opportunity for transforming the occupational
structure of agricultural labor, shifting from
manual routines toward data-driven management
and informed intervention.

Econometric Results
The econometric analysis confirms a
robust and statistically significant

relationship between the adoption of drone-
based decision support systems (DSS) and
key performance indicators in precision
agriculture, particularly yield and net profit
per hectare.

Across all model specifications, the
DroneUse variable had a positive and
significant coefficient (p<0.01), indicating
that farms adopting drones, whether partially
or fully, achieved higher performance than
their non-adopting counterparts. In the fixed-
effects model, drone adoption was associated
with an average yield increase of 0.91 tons/ha
and a profit gain of approximately €162/ha,
controlling for other factors.

The impact of control variables remained
consistent with theoretical expectations:

« InputCosts had a negative effect on profit
when excessive, but marginal increases in
high-efficiency systems showed positive
returns, aligned with the findings of Xiao et
al. (2024) regarding ROI thresholds in
technological adoption.

« Labor Input was negatively correlated with
both yield and profit, confirming that drone-
enabled automation reduces inefficient labor
allocation (Sridhar et al., 2023).

o Weather Index had a strong positive
influence on both outcomes, and the
interaction between drone use and climatic
conditions suggested higher resilience in
drone-using farms during low-index years
(Ng’ang’a et al., 2021).
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The R? values for the main regressions
were 0.54 (yield model) and 0.61 (profit
model), indicating good explanatory power
given the sample size. All models passed the

heteroskedasticity  test  (Breusch-Pagan,
p>0.1) and presented acceptable VIF values
(<3), ruling out multicollinearity.

Actual vs. Predicted Profit
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Figure 4. Actual vs. Predicted Profit

The model’s predictive accuracy is visually
assessed by comparing actual versus predicted
net profit per hectare across all farm-year
observations. The data points align closely along
the 45-degree reference line, indicating a strong
correspondence between the observed and
estimated values and confirming the robustness
of the regression specification (Figure 4). This
visual validation supports the statistical findings
and reinforces the model’s reliability in capturing
the key drivers of profitability. The data
points cluster closely around the 45-degree
reference line, indicating that the estimated
model captures the underlying variability in
the data with a high degree of precision.

This graphical alignment supports the
robustness of the fixed-effects specification,
as previously suggested by the statistical fit
indicators (e.g., R? values of 0.61 for the
profit model). It also demonstrates that,
despite potential farm-level heterogeneity and
annual shocks, the inclusion of drone usage
and relevant controls leads to reliable in-
sample prediction of profitability.

The plot thus serves as a diagnostic
validation of the econometric approach,
reinforcing the empirical findings and
suggesting practical applicability of the
model in decision support scenarios.
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Figure 5. Distribution of Residuals

The distribution of residuals from the
fixed-effects regression model estimating
net profit per hectare is shown in (Figure 5).
The histogram indicates a near-normal
distribution, supporting the assumption of
homoscedasticity. This visual pattern,
combined with the results of the Breusch-
Pagan test (p>0.1), confirms the statistical
appropriateness of the model and the
reliability of its inference. The histogram
demonstrates an approximately symmetric
and Dbell-shaped pattern, indicative of
residuals that conform closely to a normal
distribution. This visual evidence reinforces

the assumption of homoscedasticity and
normality of errors, which are central to the
validity of inference in linear regression
models. The pattern observed is consistent
with the results of the Breusch-Pagan test,
which vyielded a p-value above 0.1,
confirming the absence of systematic
heteroskedasticity.

Overall, the figure contributes to the
diagnostic  robustness of the model,
suggesting that the estimated coefficients are
not only statistically significant but also
based on residual behavior that complies with
classical assumptions of regression analysis.
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Figure 6. Residuals vs. Predicted Profit
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The residual-versus-fitted values plot unobserved, time-invariant ~ farm-level
from the fixed-effects regression model is characteristics, such as managerial ability,
presented in (Figure 6). The residuals appear infrastructure quality, or baseline technology
randomly scattered around the horizontal levels, are correlated with the explanatory
axis, without discernible patterns or variables, thus justifying the fixed-effects
systematic deviation. This supports the estimation.
absence of autocorrelation and functional In addition, a complementary ROI
misspecification in the model, thereby simulation was conducted to estimate the
reinforcing the robustness of the estimated economic impact of drone adoption under
relationships. The residuals appear randomly various cost assumptions. The results indicate
and symmetrically scattered around the zero an average return on investment (ROI)
axis, without discernible patterns or trends. ranging from 1.8 to 2.6, even when
This randomness confirms the absence of conservative market price scenarios were
autocorrelation and supports the model’s applied. These findings are aligned with
correct functional specification. prior studies, including those by Leiva

The validity of using a fixed-effects model Vilaplana et al. (2025) and McClenaghan
was statistically confirmed by the Hausman et al. (2023), which emphasize the financial
test, which yielded a y? value of 14.87 with sustainability ~ of  precision  agriculture
p<0.01. This result strongly suggests that technologies.

Table 1. OLS estimation results for profit model (dependent variable: Profit EUR)

OL% Regression Results
bep. Variable: Profit_EUR  R-squared: . 8B
Model: OLs  adj. R-sguared: 8. 874
Method: Least Sguares  F-statistic: B8.95
Date: Mon, 38 Jun 20825 Prob (F-statistic): 2.88e-23
Time: B1:87:18  Log-Likelihood: -672.98
No. Observations: g8 AlC: 1364,
I HResiduals: 53 BIC: 1375.
0 Model: -
Covariance Type: nonrobust

coef std err t Pet] [B.825 B.975]
const -1.824e+8% 2.5%e+84 -7.e49 d.8ae -2 34e+85 -1l.3e+85
Drone_Use 1.6/5e+84 F156. 368 .16 a.835 1195, 284 . 23e+dd
Hectares -32.4585 66.598 -a. 487 B.628 -166.838 181.121
ield_ton 133.5188 11.918 11.211 d.888 189. 786 157.516
Drone_Cost_EUR -1.8632 Z.d81F -d. 662 a.511 -/.516 3. /BB
Weather_Lndex B.8lis+84 2.8%e+84 3.845 d.884 3.81le+24 1.46e+85
Market_Price_EUR_ton 377.7376 27,933 13.523 d.888 321.711 433.764
Omnibus: 1.887 Durbin-Watson: 1.564
Prob(Omnibus): B.581  Jargue-Bera (JB): 1.152
Skew: -8.266  Prob{JB): . 562
Kurtosis: 2.578 Cond. MNo. 4.15=+84
Notes:
[1] 5tandard Errors assume that the covariance matrix of the errors is correctly specified.
[2] The condition number is large, 4.15%e+84. This might indicate that there are
strong multicollinearity or other numerical problems.

Source: own elaboration based on simulation results using Python (Jupyter Notebook).
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Table 1 presents the estimated coefficients
and associated diagnostic statistics from the
OLS regression model, where farm-level net
profit (€/ha) is used as the dependent
variable. The results confirm that drone use is
positively and significantly associated with
profitability, even after controlling for
structural, climatic, and market-related
covariates. The coefficient for full drone
integration suggests a notable increase in
average profit per hectare. Additionally, yield
and output price emerge as strong positive
predictors, while excessive drone-related
costs and farm size are associated with
diminishing marginal returns. The analysis
confirms that drone use is positively and
significantly associated with profitability
outcomes, even when controlling for
structural variables (e.g., farm size), climatic
variation (weather index), and market
dynamics (crop prices).

The coefficient for full drone integration is
approximately €1,675, indicating that farms
utilizing  drone-based decision  support
systems (DSS) can expect substantial profit
gains relative to non-adopters. This aligns
with prior empirical findings on the
efficiency gains enabled by UAV
technologies in precision input allocation
and timely intervention (Ali et al., 2022;
Sridhar et al., 2023).

Moreover, both crop yield and market
price per ton emerge as strong positive
predictors of profitability, reinforcing the
central role of productivity and favorable
price conditions. Conversely, high drone
operational costs and larger landholdings
show a negative marginal effect, suggesting
diminishing returns in  some  cases,
particularly when economies of scale are not
fully captured or when drone deployment
costs are not optimized. These results
highlight the nuanced impact of drone
adoption, where technology integration must
be accompanied by effective cost
management and operational scaling to
maximize economic returns.

Managerial Implications
The findings of this study hold substantial
implications for farm-level decision-making

and strategic planning in the context of
precision  agriculture. The statistically
significant benefits associated with drone-
based DSS adoption point to clear managerial
advantages across both operational efficiency
and financial outcomes.

Firstly, drone integration improves the
precision of input application and reduces
resource waste, enabling farmers to apply
variable-rate fertilization, pest control, and
irrigation only where needed. This aligns
with previous research emphasizing the value
of targeted input use for improving soil
health and crop quality (Ali et al., 2022;
Hussain et al.,, 2023). Farm managers
adopting drones reported faster field
diagnostics and reduced decision latency,
allowing timely interventions that directly
impacted yield levels.

Secondly, the observed decrease in labor
hours per hectare without compromising
productivity demonstrates the automation
potential of drone technologies, particularly
in tasks like monitoring, mapping, and
spraying. These insights reinforce previous
conclusions about UAV-driven labor savings
in smart agriculture (Vaidya and Katkar,
2022; Sridhar et al., 2023).

From an economic standpoint, the high
ROI values and rapid investment amortization
suggest that drone acquisition should be
viewed not as a cost, but as a strategic
capital investment. Even under conservative
assumptions, the simulated scenarios confirmed
positive returns, validating arguments found
in the cost-benefit literature (Ng’ang’a et al.,
2021; Leiva Vilaplana et al., 2025).

The robustness of drone benefits across
variable weather conditions further supports
their role in risk management and climate
resilience. In years with low agro-climatic
favorability, drone users outperformed non-
users, indicating that precision monitoring
and adaptive interventions can partially
buffer climate risks.

However, successful drone integration is
contingent on managerial capacity, technological
training, and data literacy. As emphasized by
Zilka et al. (2025), adoption of advanced tools
like DSS requires decision-makers to be
equipped not only with equipment, but also
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with skills for data interpretation, scenario
simulation, and investment evaluation.

Therefore, agricultural extension services
and policy frameworks should prioritize
capacity-building programs, financial
incentives, and digital infrastructure to
facilitate broader adoption, especially among
medium and small-sized holdings.

CONCLUSIONS

This study provides evidence on the
economic and managerial advantages of
integrating drone-based decision support
systems (DSS) in precision agriculture at the
farm level. Using a structured panel dataset
and an econometric simulation framework,
we demonstrate that the adoption of drone
technologies significantly improves both
yield productivity and farm profitability. The
results confirm that drone implementation
enables more efficient use of inputs, reduces
labor dependency, and contributes to more
informed and timely decision-making. The
calculated return on investment (ROI)
supports the view that drones are not only a
technological innovation but also a sound
economic choice, even under conservative
market and climatic conditions. Furthermore,
the analysis reveals that drone-based DSS
increase farm resilience to weather variability,
offering a valuable tool for adaptive farm
management  strategies. These findings
highlight the relevance of promoting drone
technologies as part of a broader effort to
digitalize agriculture and optimize resource
use in line with sustainability goals. In
addition, our findings suggest that institutional
support for training, infrastructure, and
financing mechanisms may further accelerate
adoption, particularly among small and
medium-sized farms. Future research should
explore long-term environmental outcomes,
the scalability of drone-supported interventions,
and the integration of UAV systems with
other digital platforms such as satellite data
and Al-powered analytics, to foster holistic
and data-driven farm management. The
outcomes of this research can serve as a
reference for farm managers, agricultural

consultants, and policymakers aiming to
enhance performance, competitiveness, and
resilience in crop production systems through
digital innovation.
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