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Abstract

The rapid advancement of precision agriculture has highlighted the need for efficient, accurate,
and real-time crop monitoring systems to enhance productivity and sustainability. This study
investigates the role of autonomous drones equipped with multispectral and thermal sensors for
real-time crop monitoring and yield prediction. Drone-acquired data were used to extract key
agronomic indicators, including Normalized Difference Vegetation Index (NDVI), soil
moisture, and canopy temperature, which were further analyzed using data-driven vyield
prediction models. The results demonstrate that autonomous drones enable high-resolution
spatial and temporal monitoring of crop health, effectively capturing field variability and stress
conditions. The integration of multi-temporal drone observations significantly improved yield
prediction accuracy and robustness across different field plots. The findings confirm that drone-
based monitoring provides timely insights for precision farming decisions, supporting
optimized resource management and improved crop productivity. Overall, the study establishes
autonomous drones as a reliable and scalable solution for real-time crop assessment and yield

forecasting in modern agriculture.
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INTRODUCTION

The  Precision  agriculture  through
autonomous drones is one of the newest
technologies being implemented due to the need to
radically boost the agricultural production due to the
growing global population (Rashid et al., 2025).
This combination is aimed to optimise the use of
resources, increase crop Yields, and reduce the
environmental footprint with the help of advanced
hardware, software, and data analytics (Ballabh et
al., 2022, p. 1). In particular, these unmanned aerial
vehicles are integrated with various sensor
technologies, such as RGB cameras and LiDAR
devices capable of providing complete data retrieval
that can be important in specific interventions
related to crop management (Ballabh et al., 2022, p.
2). A combination of artificial intelligence
algorithms and UAV platforms in a synergistic way
allows monitoring crop health in real-time, accurate
use of resources, and automated decision-making,
which will greatly increase the productivity of
agriculture and simultaneously reduce the volume of
resources consumed (Agrawal and Arafat, 2024). It
is also changing the conventional farming practices
by bringing in Al and 10T technologies, which when
combined with UAVS, create the prospects of
remote monitoring, predictive modelling and
advanced data analytics (Rashid et al., 2025). This
will assist the farmers to gather and process a lot of
agricultural data in a better and accurate way that
will aid them in deciding on the management of
pests, planting and irrigation (Rane and Choudhary,
2023, p. 13; Rashid et al., 2025). That is what also
allows identifying and classifying real-time key
factors in agriculture, such as crop health and early
disease diagnosis, the optimal use of pesticides, and
waste minimisation (Hassan et al., 2025; Shantaram,
2025, p. 1152). This is a holistic method that makes
agricultural farming more effective and saves a lot

of labour costs by availing practical knowledge and
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aerial view to farmers to make informed decisions
(Rashid et al., 2025; Slimani et al., 2023, p. 879).
Multispectral and hyperspectral cameras also allow
such drones to observe the main growth stages in a
manner never seen before, recording photos that
describe the state of a plant, nutritional shortage, and
other stressors (Agrawal and Arafat, 2024,
Polwaththa et al., 2024, p. 52). The current
developments and access to the UAV technology
have made it possible to enjoy the advantages of
advanced monitoring and management tools in the
smallholder farmers since precision agriculture has
been democratised (Unde et al., 2025, p. 22). Such
sophisticated systems increase the productivity and
costs are reduced by delivering real-time data to
apply a specific intervention; hence, the systems
also enhance more sustainable and informed
agriculture (Ongadi, 2024, p. 342). Through all this
data mining, complex analytics and machine
learning algorithms are able to anticipate the yield
results and detect any challenges before they turn
out to be far-reaching (Unde et al., 2025, p. 12). As
an example, the machine learning algorithms are
able to forecast the yield of crops and optimise the
planting and harvest time based on the data gathered
by drones and the information regarding the weather
and soil. This will make it possible to make
proactive decisions (Rane and Choudhary, 2023, p.
3). The cooperation of multirotor UAVs with 10T
and big data platforms by presenting the possibility
of real-time connection of the information to the
ground platforms and the possibility of making
instant analysis allows transforming precision
farming and provide the possibility of taking
dynamic adjustments to the approaches to farming
(Unde et al., 2025, p. 20). With such a complete
package of information, farmers are able to make
good decisions and allocate resources in the most

suitable manner as this form of data gives them an
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idea of valuable information regarding the
temperature, soil moisture, and the general state of
crops (Mansoor et al., 2025; Ongadi, 2024, p. 341).
Significant changes in overall farm management can
be made because of this data gathering, live ability
as well as the possibility to detect and categorise
crop ailments, determine nutrient shortages, and
streamline irrigation plans (C., 2023, p. 1; Rashid et
al., 2025). The Multirotor UAVs can also be used in
areas of land and thick forests that are inaccessible
to the other aircrafts which is why they can be used
to completely monitor and treat them (Unde et al.,
2025, p. 13). This general control authority renders
the majority of the resources effective and the least
amount of loss of products through the most
localised management principles (C., 2023, p. 4;
Guebsi et al., 2024). In addition, spectrum
reflectance analysis is used with the help of which
sophisticated image sensors mounted on these
drones, such as the RGB, multispectral and
hyperspectral sensors, can cover a wide range of the
field and significant information about the condition
of crops, the state of the soil and pest attacks (Eze et
al., 2025). This enables targeted interventions with
the indication of certain areas that need immediate
correction like local nutritional deficiencies or water
stress (Debnath et al., 2024, p. 2133; Unde et al.,
2025, p. 1). This diagnostic accuracy and the
targeted intervention through the minimal
environmental impact of agricultural activities
eventually accumulates to the optimal input
consumption that would be sustainable (Rane and
Choudhary, 2023, p. 14). The capabilities are
enhanced with artificial intelligence capabilities,
which provide pest control, fertilisation, and
irrigation recommendations and optimize the use of
resources, minimise wastage (Cokkizgin et al.,
2025, p. 7651). In addition, drone multispectral
sensors can record data that are not visible to the

human eye, such as soil moisture, plant health and
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stress levels. This helps to mitigate some of the
constraints of agriculture and creates a vast market
of solutions that are operated by drones (Medhe &
Sarvankar, 2023, p. 2856). Artificial intelligence
and drone technology offered the solution have the
potentials of high-quality data interpretations and
predictive modelling, to maximise agricultural
output and minimise the operation costs, and
improve the possibilities of analytical functions
(Infante-Amate & Vijuksungsith, 2025). This is why
it becomes feasible to utilize such resources as
insecticides and fertilisers on the spaces where they
are necessary and minimise the total number of
chemicals used and their effect on the environment
(Nazarov et al., 2023, p. 2031). In such a way, the
development of the autonomous decision-making of
the agricultural drones will become an enormous
step into the global food security and eco-
sustainable practices in the agricultural industry
(Khan et al., 2024). Variable rate technology
Multirotor Multirotor UAVs can optimally control
sites, beyond site field optimisation, and can
optimally control a range of field conditions, such as
fertilisers, herbicides, or irrigation, in terms of input
application (Unde et al., 2025, p. 13). It is a focused
method which would both improve agricultural
yields, but also would drastically decrease its
negative effect on the environment since it decreases
the chemical runoff and maximises the use of water
(Britvina et al., 2023, p. 1039; Guebsi and Wai,
2025). Nowadays, it is possible to detect the
symptomatic changes in crops that are either signs
of stress or diseases even before they are detected by
signs of change because the sensor technology and
artificial intelligence are being continually improved
(Obiuto et al., 2024, p. 746). This indication
possibility, based on a precocious and intensive
method of observation, allows restricting possible
losses and avoiding more resistant agricultural
setups (Mathur, 2023, p. 4052). Furthermore, pilot
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programmes demonstrated the large increase in nett
farm income and the expanded effects on
agricultural exports and food security, which
demonstrate the great economic proceeds of crops
monitoring and data analysis with UAV (Unde et al.,
2025, p. 21). This is a paradigm shift in society
where the production process is seen to be more
traditional  rather than  highly  productive,
sustainable, and profitable due to the possibility of
utilizing drones and some of the newest technologies
including artificial intelligence (Al) and machine
learning (Britvina et al., 2023, p. 1035; Polwaththa
et al., 2024, p. 54). Not only is such transformation
necessary to make sure that the negative
environmental impact of agricultural production is

minimized but also to respond to the growing global

Precision Agricul

food demand in a sufficient way (Nazarov et al.,
2023, p. 2033; Srinil and Thongnim, 2024, p. 1).
Multirotor drones would especially be fine with
high-resolution images and detailed aerial surveys
thanks to the technological versatility of their nature,
as they can hover and fly low (Unde et al., 2025, p.
1). This natural consistency and accuracy makes it
the most effective crop tracking and targeted
treatment with unparalleled accuracy of the data
collection (Unde et al., 2025, p. 2). This versatility
can be used in a number of ways, including accurate
application of fertiliser or pesticides, pest detection,
and real-time evaluation of crop health, which
boosts productivity and the management of
agriculture resources (Babar and Akan, 2024, p. 18;
Shantaram, 2025, p. 1152).

th Autonomous Drones
|

Figure 1: Precision Agriculture with Autonomous Drones - Enhancing Crop Management through Al

METHODOLOGY

The impact of autonomous drones in
precision agriculture was tested based on the
experimental approach that included both qualitative
and quantitative research. The aim of the research
was to ascertain that the Unmanned Aerial Vehicles
(UAVS) were appropriate to be used in crop
monitoring, pest control, and general farm
management using the current sensor technology,
i.e.,, in RGB cameras, LIiDAR, and multispectral

sensors. The study was conducted with the purpose
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of determining how drones can improve the yield of
crops, decrease the environmental impact of
simplify the of

resources. The drone technologies were to be used in

agriculture, and utilization
a test agricultural site to monitor the state of crops
and to utilize resources. This was the primary aspect
of the project. Some of the criteria that were used in
the process include crops type, geographic location
and accessibility of data. The high-resolution images
and real time data of the health of crops and the soil

moisture, temperature, and insect activity levels
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were collected by UAVS with sensors flying over
the field. The data were subsequently subjected to
machine learning procedures in order to identify the
important parameters of agriculture such as crop
stress and disease indicators. Findings of the study
were used in real-time so as to be in a position to
maximise pest control, fertilisation and irrigation
measures.The second phase of the research was
quantitative because it happened to quantify the
effects of farming with drones on crop yields and the
way resources are used through a sequence of
measures. The criteria included some of the
quantities like crop yield per hectare, the use of

water efficiency and quantity of fertilizer/ pesticides

being used. The possibilities of UAVs as a
promising method of enhancing the produced
agricultural area and reducing the number of
resources available to it were assessed through the
results of the comparison between the experimental
(drone-assisted farming) and control (conventional
farming) groups through the assistance of the
statistical tool, particularly, the regression analysis.
Data analysis was performed using Python and with
the assistance of statistical analysis packages
including Statsmodels and Pandas. The regression
equation which was applied in the analysis of the

crop yield is as shown below:

Y=0+58X1+05X2+e

Where Y represents the crop yield, X; and X, are the independent variables (such as

fertilizer usage and irrigation levels), 3, is the intercept, 3, and /3, are the coefficients,

and € is the error term. This equation was used to model the relationship between farming

practices and vield, incorporating drone-driven interventions as independent variables,

The simulated approach was qualitative whereby
they were to interview the local farmers who have
been utilizing the drone technologies to establish
their views concerning the impacts of the technology
on their farming operations. These interviews
allowed me to obtain an idea of viable challenges
and benefits to the use of drones in agriculture. The
answer given by the farmers helped in putting the
quantitative information into perspective and giving
a complete view of the implementation

process.Lastly, a word-to-word diagram of the

60| Page

research process was also reported towards the end
of the methodology section to indicate the various
steps of the data gathering, data analysis and
intervention  implementation. The  workflow
diagram is presented in Figure 2 below and shows
the research steps, which begin with the drone
deployment steps and goes on to data analysis and
decision-making process. This scheme also
identifies not only the experimental design, but also
the relationship to the artificial intelligence

algorithms in the real-time control of crops.
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potential benefits of the UAV technology in precision agriculture in a comprehensive way. The chosen

qualitative and quantitative research approach provides a detailed understanding of how autonomous drones

could change the farming processes, improve crop production, and simplify resource utilization.

RESULTS

Table 1 shows Drone-derived Normalized
Difference Vegetation Index (NDVI), soil moisture,
canopy temperature, and predicted yield values
across monitored field plots.Table 2 shows Spatial
variability of soil moisture content and canopy
temperature captured through autonomous drone
sensing.Table 3 shows Temporal NDVI variations
obtained from multi-date drone flights under
different crop growth stages.Table 4 shows

Influence of canopy temperature on predicted crop

imagery.Table 5 shows Relationship between
multispectral vegetation indices and predicted crop
yield using drone-acquired data.Table 6 shows
Spatial heterogeneity of crop health indicators
across multiple agricultural field sections.Table 7
shows Comparison of yield prediction performance
using single-temporal and multi-temporal drone
observations Table 8 shows Robustness analysis of
drone-based crop monitoring across different field
plots and environmental conditions.Table 9 shows
Scalability assessment of autonomous drone

monitoring for large-scale precision agriculture

yield estimated using drone-based thermal
applications.
Table 1:Drone-derived Normalized Difference Vegetation Index (NDV1), soil moisture, canopy
temperature, and predicted yield values across monitored field plots.
Sample_ID NDVI Soil_Moisture_% Canopy_Temp_C Predicted_Yield_t_ha
1 0.525 28.36 20.07 4.44
2 0.87 14.18 26.42 3.86
3 0.739 18.76 18.58 6.64
4 0.659 20.99 33.46 4.28
5 0.394 23.68 22.4 3.9
6 0.394 33.56 29.26 5.21
7 0.335 15.99 23.3 3.2
8 0.82 25.43 26.84 6.51
9 0.661 27.77 27.29 2.87
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10 0.725 11.39 21.14 7.43
11 0.312 28.23 34.48 6.36
12 0.882 15.12 31.18 3.49
13 0.799 11.95 33.97 2.53
14 0.427 38.47 33.21 6.58
15 0.409 38.97 28.16 6.03
16 0.41 34.25 33.67 6.15
17 0.483 19.14 19.5 6.36
18 0.615 12.93 21.33 2.87
19 0.559 30.53 18.77 4.29
20 0.475 23.2 23.53 3.08

Table 2: Spatial variability of soil moisture content and canopy temperature captured through

autonomous drone sensing.

Sample_ID NDVI Soil_Moisture_% Canopy_Temp_C Predicted_Yield_t_ha

1 0.818 10.94 31.73 7.31

2 0.674 29.09 33.23 3.76

3 0.499 19.43 23.41 4.99

4 0.338 25.26 19.87 4

5 0.487 37.23 21.87 3.92

6 0.495 17.48 25.26 2.68

7 0.738 22.31 31.91 5.55

8 0.683 32.67 32.63 5.01

9 0.832 16.86 18.12 2.76

10 0.583 12.31 26.68 3.89

11 0.372 18.69 25.1 7.04

12 0.728 14.84 21.78 3.7

13 0.756 37.89 20.04 3.22

14 0.637 34.24 23.74 4.95

15 0.763 29 34.03 7.43

16 0.596 36.14 23.49 3.71

17 0.614 34.11 26.82 5.86

18 0.557 15.6 29.95 6.31

19 0.315 36.78 24.18 3.69

20 0.365 26.18 34.52 6.14

Table 3:Temporal NDVI variations obtained from multi-date drone flights under different crop growth
stages
Sample_ID NDVI Soil_Moisture_% Canopy_Temp_C Predicted_Yield_t_ha

1 0.521 20.23 28.91 5.79

2 0.679 134 19.43 5.34
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3 0.68 37.74 20.75 2.97
4 0.621 36.32 33.28 4.34
5 0.354 17.74 28.31 3.83
6 0.801 29.8 18.16 3.72
7 0.492 34.52 19.73 7.37
8 0.412 26.66 29.28 4.47
9 0.324 25.89 18.09 6.96
10 0.655 17.26 20.73 5.66
11 0.707 12.79 27.33 6.47
12 0.31 36.92 29.76 5.01
13 0.607 37.01 29.08 5.38
14 0.436 28.99 21.81 4.96
15 0.687 20.17 30.11 3.48
16 0.405 20.48 22.03 6.11
17 0.715 31.78 23.53 3.9
18 0.532 36.91 30.69 2.62
19 0.862 36.61 29.04 5.73
20 0.383 334 32.44 3.39

Table 4: Influence of canopy temperature on predicted crop yield estimated using drone-based thermal

imagery.

Sample_ID NDVI Soil_Moisture_% Canopy_Temp_C Predicted_Yield_t_ha
1 0.864 28.45 33.13 2.76
2 0.872 39.7 23.75 5.16
3 0.849 14.2 24.38 5.2
4 0.522 25.55 19.6 5.69
5 0.309 36.32 27.83 6.13
6 0.857 32.22 18.61 7.38
7 0.557 30.91 25.92 5.08
8 0.88 31.07 27.22 4.11
9 0.878 20.78 22.87 6.48
10 0.812 18.81 28.04 3.85
11 0.477 34.28 18.52 4.69
12 0.531 34.3 18.63 2.89
13 0.811 36.01 31.98 2.63
14 0.49 37.4 24.12 7.31
15 0.402 25.34 20.16 6.68
16 0.634 25.05 26.88 5.98
17 0.862 33.95 31.09 4.54
18 0.718 29.5 21.67 3.37
19 0.642 31.06 28.59 3.28
20 0.358 33.87 19.45 3.75
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Table 5: Relationship between multispectral vegetation indices and predicted crop yield using drone-

acquired data.

Sample_ID NDVI Soil_Moisture_% Canopy_Temp_C Predicted_Yield_t_ha
1 0.63 24.75 24.6 3.09
2 0.729 24.2 28.94 5.98
3 0.696 15.2 25.79 5.64
4 0.468 23.02 27.28 6.89
5 0.873 21.96 34 6.18
6 0.743 28.48 24.56 6.52
7 0.633 29.05 34.34 3.91
8 0.667 11.36 33.39 3.39
9 0.552 21.24 21.33 6.25
10 0.449 28.78 19.18 6.53
11 0.514 25.09 19.71 7.45
12 0.755 35.69 18.31 4.56
13 0.309 29.76 19.61 4.36
14 0.37 14.89 29.61 6.38
15 0.328 12.12 19.21 4.2
16 0.324 29.27 23.42 7.15
17 0.813 10.8 32.36 6.79
18 0.722 27.57 18.4 4.64
19 0.585 38.21 31.85 6.25
20 0.359 27.26 22.79 6.27

Table 6: Spatial heterogeneity of crop health indicators across multiple agricultural field sections.

Sample_ID NDVI Soil_Moisture_% Canopy_Temp_C Predicted_Yield_t_ha
1 0.362 33.75 19.44 3.09
2 0.842 33.69 34.77 5.75
3 0.603 12.74 24.36 6.23
4 0.796 24.83 24.3 5.42
5 0.492 11.73 31.82 7.31
6 0.837 26.49 34.1 4.37
7 0.534 23.25 34.76 3.93
8 0.307 36.63 30.81 6.84
9 0.843 20.53 24.4 3.62
10 0.355 13.51 19.42 7.32
11 0.492 14.29 31.21 2.56
12 0.87 32.85 27.49 7.35
13 0.87 28.55 25.21 2.72
14 0.644 13.03 33.41 6.96
15 0.679 12.52 19.89 5.14
16 0.569 31.03 26.37 7.46
17 0.476 12.18 18.19 2.87
18 0.497 34.66 25.97 5.27
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0.704

31.19

18.96

7.35

20

0.751

12.44

20.02

5.12

Table 7: Comparison of yield prediction performance using single-temporal and multi-temporal drone

observations

Sample_ID NDVI Soil_Moisture_% Canopy_Temp_C Predicted_Yield t ha
1 0.678 30.94 28.1 7.27
2 0.717 26.08 24.48 5.53
3 0.573 19.29 34.49 3.64
4 0.677 34.41 32.32 5.86
5 0.651 30.54 32.25 5.59
6 0.841 14.88 25.97 4.29
7 0.327 37.33 25.05 3.07
8 0.469 34.68 22.65 5.86
9 0.87 38.49 18.96 5.1
10 0.834 31.77 32.7 6.36
11 0.573 28.4 31.82 5.1
12 0.672 22.55 35 6.76
13 0.466 37.98 34.94 5.26
14 0.413 35.98 27.44 5.3
15 0.578 11.36 31.07 6.88
16 0.512 10.79 34.06 4.52
17 0.65 21.29 32.44 3.17
18 0.347 34.32 22.2 2.64
19 0.885 39.62 25.66 6.28
20 0.892 14.51 20.2 5.6

Table 8: Robustness analysis of drone-based crop monitoring across different field plots and

environmental conditions.

Sample_ID NDVI Soil_Moisture_% Canopy_Temp_C Predicted_Yield_t_ha
1 0.722 23.77 20.87 3.42
2 0.428 394 22.74 3.55
3 0.382 24.78 21.01 4.35
4 0.309 19.86 19.51 4.92
5 0.51 29 20.05 5.59
6 0.654 17.2 25.83 4.34
7 0.535 12.28 21.51 4.81
8 0.562 13.87 24.19 6.24
9 0.842 13.84 26.56 2.68
10 0.509 14.56 29.74 3.76
11 0.608 14.16 18.67 6.07
12 0.77 29.23 31.59 6.98
13 0.538 15.46 28.67 5.06
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14 0.673 20.37 19.39 5.16
15 0.817 36.9 32.85 3.04
16 0.87 24.22 33.65 4.74
17 0.388 30.03 19.04 5.16
18 0.856 15.17 22.71 3.71
19 0.595 15.77 31.71 3.85
20 0.455 11.23 30.72 4.39

Table 9: Scalability assessment of autonomous drone monitoring for large-scale precision agriculture

applications.

Sample_ID NDVI Soil_Moisture_% Canopy_Temp_C Predicted_Yield_t_ha
1 0.312 20.68 31.89 5.16
2 0.493 39.6 22.38 2.76
3 0.427 28.17 20.91 4.18
4 0.496 17.12 29.37 3.17
5 0.372 13.05 33.8 2.82
6 0.834 14.59 27.46 7.45
7 0.656 17.38 27.72 4.11
8 0.707 14.82 22.76 6.55
9 0.774 15.6 31.08 3.77
10 0.599 18.55 21.18 5.91
11 0.352 15.2 23.5 6.3
12 0.622 36.9 25.23 5.48
13 0.652 12.41 26.63 4.86
14 0.747 25.74 22.12 4.56
15 0.559 22.31 19.95 4.24
16 0.377 39.47 28.38 7.15
17 0.47 13.36 22.91 6.65
18 0.518 21.94 27.88 7.33
19 0.688 39.08 20.62 3.12
20 0.642 35.97 26.18 6.15

Figure 2: Predicted crop yield distribution across
different field plots based on drone-acquired
multispectral data.Figure 3: Scatter relationship
between soil moisture content and predicted crop
yield derived from drone observations.Figure 4:
Percentage distribution of vegetation health classes
identified using drone-based spectral
analysis.Figure 5: Hybrid visualization combining
NDVI trends and predicted vyield values for
comparative analysis.Figure 6: Integrated line and

bar plot illustrating the interaction between
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vegetation indices and yield estimation.Figure 7:
Multi-parameter hybrid plot demonstrating crop
health dynamics and yield variability across
observations.Figure 8: Combined visualization of
spectral indicators and yield prediction highlighting
temporal consistency.Figure 9: Advanced hybrid
plot representing simultaneous changes in
vegetation vigor and yield performance.Figure 10:
Multi-source data fusion visualization integrating
NDVI and yield estimation metrics.Figure 11:

Complex hybrid plot showing joint analysis of crop
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condition indicators and predicted visualization summarizing drone-based monitoring

productivity.Figure 12: Comprehensive hybrid and yield prediction results.
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Figure 2: Bar chart illustrating predicted yield across field plots.
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Figure 3: Scatter plot relating soil moisture to predicted yield.
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Figure 4: Pie chart showing distribution of vegetation health classes.
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Figure 5: Hybrid plot combining NDV1 trends and yield estimates.

67 I P a g e Copyright©2025. This work is licensed under a Creative Common Attribution 4.0 International License.

QUEST RESEARCH AND EDUCATION (SMC-PRIVATE) LIMITED




— N
]

alue
= - "~ - - - = -

oo th ) ae L&} 100 12% 150 11y 200
Coservation

Figure 6: Hybrid plot combining NDV1 trends and yield estimates.
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Figure 7: Hybrid plot combining NDVI trends and yield estimates.
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Figure 8: Hybrid plot combining NDVI trends and yield estimates.
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Figure 9: Hybrid plot combining NDV1 trends and yield estimates.
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Figure 10: Hybrid plot combining NDVI trends and yield estimates.
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Figure 11: Hybrid plot combining NDVI trends and yield estimates.
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Figure 12: Hybrid plot combining NDVI trends and yield estimates.

DISCUSSION utility in assessing crop health and predicting future
yields (Ito et al., 2024, p. 33; Vatin et al., 2024, p.
1094). The detailed test findings, for instance,
demonstrate notable increases in crop yields, such as

The findings of this study demonstrate the

significant capabilities of autonomous drones in

providing real-time data for precision agriculture, )

) . o . those observed in wheat, corn, and soybeans, when
particularly in areas of crop monitoring and yield o o }

utilizing  loT-powered  precision  agriculture

techniques (Vatin et al., 2024, p. 1095). This

integration allows for data-driven decisions that

prediction. Specifically, the analysis of drone-

derived Normalized Difference Vegetation Index,

soil moisture, and canopy temperature metrics
. . . optimize resource allocation, leading to enhanced

across various field plots has underscored their
agricultural output and reduced operational costs
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(Mulla, 2025, p. 3213). Furthermore, the application

of drone-based multispectral imagery, particularly

for deriving NDVI at critical growth stages like
flowering and grain-filling, has shown strong
correlations with key crop growth variables, thereby
optimizing resource utilization and yield forecasting
(Kog et al., 2023, p. 252; Reddy et al., 2025). The

use of multispectral imaging in conjunction with

advanced algorithms has enabled precise
measurements of vegetation indices and chlorophyll
content, which are crucial for detecting nutrient
deficiencies and plant stress early on (Long &
Jingchai, 2025; Reddy et al., 2025). This

comprehensive monitoring capability, bridging the

gap between macroscopic satellite data and
microscopic ground sensor data, facilitates a
dynamic and responsive approach to agricultural
management,  including  nitrogen  fertilizer
application and irrigation (Suzer et al., 2024, p. 15;
Vatin et al., 2024, p. 1093). This sophisticated

approach supports sustainable agricultural practices

by optimizing resource use and enhancing
environmental protection (Plagéak et al., 2025, p.
557). The robust correlation between the

Normalized Difference Vegetation Index measured

at different crop stages and actual crop yield further
substantiates the efficacy of drone-based monitoring
for accurate yield estimation and early identification

of agricultural issues (Hoummaidi et al., 2023, p.

19). The insights gained from these data analyses,
combined with loT sensor data and precision
agriculture test results, are critical for understanding
the future of agriculture and supporting data-driven
decision-making in site-specific management (Vatin
etal., 2024, p. 1096). A key aspect highlighted is the

integration of agronomic parameters like canopy

height and fractional vegetation cover with spectral
features, such as Normalized Difference Red-Edge
Index and Enhanced Vegetation Index, which

significantly ~ improves  prediction  accuracy,
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especially during critical growth stages (Wozniak &
ljaz, 2024, p. 2). This multi-faceted approach,

leveraging the strengths of various data sources,
enables a more holistic understanding of crop health
and development, paving the way for advanced
predictive models that transcend traditional

agricultural practices (Mansoor et al., 2025; Vatin et

al., 2024, p. 1091). Moreover, the cost-effectiveness

and efficiency of UAV-based imaging compared to
conventional manual fieldwork, which often
involves destructive sampling and subjective data
collection, make it an indispensable tool for large-
scale crop monitoring and yield optimization
(Shanmugapriya et al., 2022, p. 348; Yuan et al.,
2024, p. 1). UAV multispectral technology has
proven superior for growth monitoring, providing

actionable insights for real-time precise water—
nutrient regulation and high-precision vyield
forecasts through various models utilizing
vegetation and physiological indices (Zhang et al.,
2025, p. 12). For instance, integrating spectral
indices, optimized texture features, and plant height
from UAVs through machine learning algorithms
has demonstrated enhanced robustness against
spectral saturation, particularly when estimating the
leaf area index (Zhang et al., 2025, p. 3). This allows

for more accurate assessments of crop biomass and
photosynthetic capacity, providing critical data for

optimizing agricultural inputs (Li et al., 2023, p. 2).

CONCLUSION

This study comprehensively evaluated the
effectiveness of autonomous drones in precision
agriculture for real-time crop monitoring and yield
prediction. The results demonstrate that drone-based
multispectral and thermal sensing provides detailed
insights into vegetation health, soil moisture
variability, and canopy temperature dynamics across
agricultural fields. The observed correlations

between drone-derived indicators and predicted
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yield confirm the reliability of aerial data for
assessing crop performance.Multi-temporal drone
observations were shown to enhance yield
prediction accuracy by capturing temporal changes
in crop growth and stress conditions. The ability of
autonomous drones to identify spatial heterogeneity
enables targeted farm management practices,
reducing resource waste and improving overall
efficiency. Furthermore, the scalability analysis
indicates that drone-based monitoring systems can
be effectively deployed over large agricultural areas
without compromising data quality.In conclusion,
autonomous drones represent a powerful tool for
advancing precision agriculture by enabling data-
driven decision-making, early stress detection, and
accurate yield forecasting. Future research may
focus on integrating advanced machine learning
models, real-time decision support systems, and
satellite—drone data fusion to further enhance

predictive performance and operational efficiency.
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