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Abstract:-Background / Context: Growing precision
agriculture, together with the automation of UAVs over
highly variable field conditions, has created the need
for real-time efficient crop spraying systems.
Traditional methods of constant-rate UAV sprayers
often could not account for canopy height variability,
resulting in chemical waste and increased deposition.
These limitations hence set the need for intelligent,
perception-driven, feedback-enabled spraying
systems. Problem/Gap: Most of the early works in UAV
spraying fall either into fixed rate or open-loop
spraying without any real-time canopy awareness. In
fact, none of them have truly integrated 3D sensing
with adaptive flow control. Only a few of those works
have been able to integrate LiDAR perception, IoT
telemetry, and automated variable-rate spraying into a
single unified closed-loop framework. Aim/Objective:
It sought to develop and evaluate a closed-loop, IoT-
based 3D canopy perception and adaptive pesticide
application UAV-spraying framework.
Methodology/approach: This system integrated
LiDAR-derived canopy height and density maps to
enable dynamic spray flow adjustments through a
real-time adaptive algorithm. The IoT communication
used in this work was designed to minimize latency in
sensor data transmission for responsive control
actuation. Performance evaluation was done using
LiDAR-based canopy datasets and simulated spray
behavior in adaptive and constant-rate spraying
modes. The performance metrics also included
predicted deposition uniformity, variation in spray
demand, and pesticide-use efficiency.
Results/Findings: This adaptive control model resulted
in the development of higher spray flow in the dense
zone of the canopy and reduction of that flow by as
much as 40% in sparse areas. The estimated savings in
use of the pesticide was 22-28%. Simulated
performance showed improved uniformity of
deposition and more stable patterns of application
compared with constant-rate spraying. Statistical
comparison indicated significantly higher predicted
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performance of the adaptive mode. Implications /
Significance: These test results unveiled the possibility
of integrating 3D perception with IoT telemetry and
adaptive spraying to allow more accurate, efficient,
and environmentally sensitive pesticide application.
The results showed that a closed-loop architecture like
this will improve accuracy in crop protection while
reducing chemical usages and lowering environmental
risks associated with drift.

Keywords:UAV  Spraying; LiDAR; 3D Canopy
Perception; loT; Adaptive Variable-Rate Spraying;
Precision Agriculture; Closed-Loop Control.

L INTRODUCTION
1.1 Background

Precision agriculture is an up-and-coming paradigm
that deploys advanced sensing, automation, and
control technologies with the intention of improving
crop yield while reducing its environmental
impact(Wu et al., 2025). Its transformation is further
accelerated by the rapid evolution of unmanned
aerial vehicles for accomplishing automation tasks
such as crop monitoring, multispectral imaging, and
pesticide spraying(Tsouros et al., 2019). Due to
advantages such as low operation cost, high
mobility, and accessibility to complex or hazardous
terrains, there has been increased usage of UAV-
based spraying(W. Li et al., 2025). Despite this, most
UAV sprayers apply constant-rate spraying,
assuming uniform canopy height and homogeneous
density within fields(Singh & Sharma, 2022). In
reality, agricultural fields are very heterogeneous in
nature due to the different growth stages of crops,
irregular inter-row spacing, factors related to
microclimate, and variations in soil
characteristics(Karim et al., 2024). Such
inconsistencies commonly lead to under-spraying in
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dense areas of the canopy and overspraying in sparse
ones, which are responsible for reduced efficacy in
pest control, wasted chemicals, and environmental
issues such as contamination arising from drift(P.
Chen et al., 2022). Therefore, the challenge is to
develop UAV spraying systems that can make
immediate adaptations according to the real
characteristics of the canopy. Coupled with
integrated 3D sensing and IoT communication in
UAV frameworks, important intelligence can be
gained for dynamic modulation of sprays(Rueda-
Ayala et al., 2019).

1.2 Motivation

Conventional spraying systems cannot consider the
ever-changing canopy structure and hence are not
well-suited for precision pesticide delivery(Pagliai
et al., 2022). Secondly, the variation in canopy
height and leaf area density, together with the
unexpected wind turbulence coupled with UAV
downwash, leads to non-uniform distribution of
spray(Alonge & Isreal, 2025). Moreover, the
existing systems lack feedback loops between
sensors, controllers, and mechanisms capable of
enabling real-time adjustments of spray
quantity(Jiao, Sun, et al., 2025). Of particular
interest is a closed-loop spraying system that senses
its immediate surroundings, processes real-time
information coming from sensors, and accordingly
adjusts spray flux to help with sustainable and
precision agriculture(Das et al., 2024).

1.3 Problem Statement

There are several key limitations with the current
UAV spraying systems that have great effects on the
accuracy of spraying and environmental
safety(Ameer et al., 2024). They cannot adapt to
real-time canopy height and thus use uniform spray
rates irrespective of structural variability in the
plants. Non-uniform droplets, often produced in
constant-pressure pump systems, further reduce
spray efficiency(G. Wang et al., 2020). Most
existing systems today operate in an open-loop
fashion without any feedback; there is only minimal
integration between 3D sensing and the control of
actuators, leading to mismatches between canopy
morphology and the application rate of the
spray(Adao et al., 2017). Hence, the consumption of
pesticides becomes inefficient, often leading to
chemical wastage and environmental
contamination(Vashishth et al.,, 2024). All these
issues suggest the necessity for an intelligent,
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perception-driven UAV spraying system(Patil et al.,
2023).

1.4 UAV Spraying with 3D Perception

Advanced perception technologies such as LiDAR
and RGB-D depth cameras can capture dense point-
cloud data from which complete 3D geometry of the
crop canopy can be reconstructed(Liu et al., 2025).
The sensors determine detailed canopy height maps,
estimate leaf-area density, detect curvatures, and
identify structural features such as gaps, overlaps,
and voids(Liao et al., 2019). This perception layer,
integrated with the spraying mechanism, enables
adaptive adjustments in spray flow rate, nozzle
angle, and droplet size according to real-time canopy
characteristics(Khan et al., 2021). These become the
building blocks of a highly accurate and responsive
UAV spraying system(Jiao, Zhang, et al., 2025).

1.5 Research Gap

The review of existing literature shows several gaps
that hinder the development of a fully intelligent
UAV spraying system(H. Chen et al., 2021). Only a
few researches are available on real-time sensor
fusion of LiDAR and depth cameras for canopy
analysis, and even fewer combine 3D perception
with IoT-based feedback and actuator control. Very
few works explicitly investigate how adaptive flow
modulation is driven by changes either in canopy
density or height. Besides, there is a lack of long-
duration field trials that can validate these systems
in real agricultural settings. Most of the studies fail
to evaluate certain critical metrics like drift, canopy
penetration, and deposition uniformity
simultaneously, and very few report statistically
validated results. These gaps indicate the need for a
comprehensive, perception-driven, closed-loop
UAV spraying framework.

1.6 Objectives

e Ol: To develop a 3D canopy perception module
using LiDAR and RGB-D sensors.

e O2: To design an IoT-enabled UAV telemetry
and control architecture for real-time
communication and feedback.

e 0O3: To implement an adaptive variable-rate
spraying algorithm that modulates flow based
on canopy characteristics.
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e 0O4: To evaluate spray deposition, drift, and
pesticide savings under real agricultural field
conditions.

e O5: To statistically compare adaptive and
constant-rate spraying modes using ANOVA
and t-tests.

1.7 Hypotheses

e HI: Adaptive spraying significantly increases
deposition uniformity.

e H2: Real-time 3D perception improves canopy
penetration and reduces drift.

e H3: JoT-based closed-loop control enhances
accuracy and stability.

II. LITERATURE REVIEW

Recently, UAVs have received considerable
attention in precision agriculture for their capability
for rapid area coverage, avoidance of excessive
reliance on human labor, and flexible operability
across a range of field conditions(Fareed et al.,
2024). The advanced sensing systems comprised of
LiDAR and stereo vision can estimate canopy height
and foliage density with a fairly good level of
accuracy upon which 3D perception-driven
decisions might be based. Support for optimized
flight paths and region-specific spraying through
such perception technologies bolsters efficiency and
targeting of pesticides(Deng et al., 2018). Besides,
evidence has suggested that variable-rate spraying
increased pesticide use through output adjustment
based on canopy requirements, whereas recent
studies also highlighted the issue of drift as one of
the most important, depending among other factors
on wind speed, droplet size, release height, and UAV
downwash effects(L. Li et al., 2022). IoT-based
communication systems, on the other hand, continue
to improve their functionality by offering enabling
services such as real-time telemetry, remote
monitoring, and in-flight safety(Mahmud et al.,
2023). WSPs remain one of the standard ways of
quantifying droplet deposition patterns in field
experiments. Thus, despite the various technological
gains so far made, most of the current UAV spraying
systems are operated in pure open-loop mode
without real-time feedback; hence, it seems there are
serious gaps in the literature, which, among others,
include the absence of closed-loop, perception-
based control, limited integration between 3D
sensing, and actuation, and a lack of adequate drift-
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aware algorithms - this bears witness to the need for
intelligent adaptive spraying systems(Z. Wang et al.,
2024).

Novelty

The main novelty of this work is presenting a
completely integrated, closed-loop UAV spraying
system that brings together LiDAR-based 3D
canopy perception, loT-enabled telemetry, and a
real-time adaptive spraying algorithm. Unlike
previous works relying on static canopy maps, RGB
imaging, or open-loop spraying, the proposed
framework utilizes live height and density
information from 3D point-clouds to dynamically
adjust the flow while flying. This paper proposes a
holistic dual-sensor fusion architecture with IoT
feedback and variable-rate control that can adapt to
heterogenous  canopies. This is the first
implementation ever that integrates 3D sensing,
environmental telemetry, and adaptive control into a
single functional and field-ready spraying pipeline.

1.  METHODOLOGY
Dataset descriptions

This work is based on the open-access UAV-based
LiDAR canopy dataset available at Zenodo. It
involves high-density 3D point-cloud scans of
agricultural crop plots captured by a drone-mounted
LiDAR sensor. The dataset encompasses raw and
processed LiDAR point clouds, ground and canopy
classifications, georeferenced coordinates, metadata
about flight altitude, sensor configuration, and field
layout. Such point clouds allow for the accurate
reconstruction of canopy height models, foliage
density estimation through voxel occupancy, and an
in-depth analysis of canopy structural variability
across the field. This will be sufficient to develop
and validate the 3D perception module of the
proposed UAV spraying framework, as it covers
canopy mapping, height profiling, and density-based
feature extraction tasks that the adaptive variable-
rate spraying algorithms will make use of(Humplik,
2023).

Experimental setup

The experimental arrangement consisted of flying a
UAV fitted with the high-precision LiDAR sensor
over the agricultural field plots under controlled
flight conditions to capture highly detailed 3D point-
cloud data. The UAV flew at fixed altitude over a
predefined grid pattern for full canopy coverage; the
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positional and orientation information was recorded
using onboard GNSS-IMU units in order to
georeference the LiDAR scans accurately. The
processing of point clouds included removing the
ground points and normalizing the elevations to
generate the canopy height model and density
profiles required toward analyzing perception-based
spraying. All flights were conducted under stable
weather conditions with the intention of minimizing
LiDAR return noise, and metadata is aligned in the
dataset on flight paths, sensor calibration
parameters, and acquisition timestamps. This would
thus serve to support the reconstruction accuracy of
data and make sure that there is consistency in
evaluating the 3D canopy perception module under
the UAV Spraying Framework.

1. 3D Canopy Reconstruction Using UAV LiDAR

Preprocessing of UAV LiDAR point-cloud data
included voxel downsampling and the removal of
the ground plane in order to reduce noise and isolate
the canopy structures. Canopy heights were obtained
as the difference between canopy point elevations
and the estimated ground surface. This
reconstruction provided an accurate 3D canopy
model with essential spatial height variation, which
is critical in making adaptive spray decisions.

Canopy Height Model (CHM)

CHM(X' Y) = annopy(x' y) - Zground(x' y)
Where:

®  Zcanopy= maximum LiDAR height at point
(x.y)

®  Zgouna= ground surface elevation

estimated by RANSAC

This equation generates the canopy height map
used for adaptive spraying.

2. Estimating Canopy Density from Voxel
Occupancy

First, the LIDAR point cloud was divided into 3D
voxel grids to quantify the dense occupation of
canopy points in each region. In turn, the count of
how many voxels were filled in each vertical column
allowed the system to estimate local thickness and
foliage density of the canopy. This voxel-based
density map provided a key input toward adjusting
spray flow in dense and sparse zones.

Voxel-Based Density Index
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N occupied

D, =
v
N, total

e D,= canopy density index

e Noyccupica™ Number of voxels containing
LiDAR points

® N = total voxels in column

This density is input to the adaptive spray
controller.

3. Adaptive Spray Flow Rate Control

Using the extracted canopy height and density
values from LiDAR, it calculated the instantaneous
spray demand in real time. Then, the adaptive
spraying algorithm increased the flow rates in the
tall-dense canopy and reduced the rates in sparser
regions to avoid over-application. Dynamic
modulation of the flow rate resulted in higher
precision, efficiency, and responsiveness of
pesticide delivery in the canopy.

Adaptive Flow Rate

Qadaptive = k(a -CHM + ,B : Dv)
Where:

®  Qudaptive= real-time spray flow rate
e CHM-= canopy height

e D,= canopy density

e k= pump calibration constant

e ,f= weight -coefficients determined
experimentally

This ensures dense canopy receives more spray,
sparse canopy receives less.

4. Drift and Deposition Estimation AGDISP
Simulation Data

The simulation data obtained with AGDISP were
used for modeling dispersion and sedimentation of
spray droplets at various downwind distances under
variable conditions in terms of wind and canopy. The
deposition values were computed to find out how
much pesticide actually reached the target surface
against the amount which drifted away. Such
patterns of drift-deposition helped in assessing the
environmental impact and efficiency of the spraying
strategy.
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Deposition Decay Model
Dep(d) = Dep, - e *¢
Where:

e Dep(d)= deposition at distance
d(mg/cm?)

e Dep,= deposition beneath the flight path
e  A=drift decay coefficient
e d=downwind distance (m)

This equation models how deposition decreases
with drift.

5. Performance Evaluation and Statistical
Significance

Statistical comparisons between the adaptive and
constant-rate spraying performances were done
using ANOVA and t-tests with mean deposition
values. The predicted deposition variability
observed in adaptive mode is relatively low, while
uniformity is high compared to the constant mode.
Results confirm that precision and effectiveness in
adaptive spraying are significantly improved.

Deposition Uniformity Coefficient (CU%)

cU=(1- ) % 100

Z [ X — x|
n-x
Where:
e (U= Christiansen Uniformity (%)
e  x;=deposition at sample i
e X=mean deposition

e n=number of samples

Higher CU% indicates better droplet distribution
uniformity.
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Figure 1. Methodology Workflow for UAV
LiDAR-Based Adaptive Spraying System

This workflow represents point-cloud data
acquisition from a LiDAR-mounted UAV, followed
by processing to reconstruct the 3D structure of the
canopy and estimating plant density. Estimates of
canopy features like these are fed into the adaptive
spray flow-rate controller that can modulate the flow
rate in real time according to the plant structure. This
diagram summarizes the entire perception-to-
control pipeline applied to precision spraying.

Algorithm: Adaptive Spray Flow Control
Input

e LiDAR point cloud data
e  Position of the UAV

e Canopy height

e Canopy density

e  Previous spray flow rate

Output
e New spray flow rate (adaptive)
Steps

e [t flies over the crop, collecting LiDAR data.

e  Canopy height is computed from LiDAR points
by the algorithm.

e  Canopy density is measured by the number of
counting points in each individual area.

e  Height and density values are combined in order
to determine the spray demand.

e The required spray flow rate is calculated from
the spray demand.

e  The flow rate is monitored so that it does not go
out of the safe limits.

e Spraying is done after verifying the safety
conditions related to wind and battery.
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e The last spray flow command is sent to the
pump for application.

Implementation-Objective Wise
O1 - 3D Canopy Perception

Mount LiDAR and RGB-D on a UAV to acquire
point-clouds. Remove the ground points and create
canopy height and density maps by voxel
processing.

02 - IoT Telemetry & Control

LoRa/Wi-Fi Communication: Streaming of UAV
pose along with sensor data to the ground station;
sending of MQTT messages for control and
monitoring.

O3 — Adaptive Variable-Rate Spraying

The canopy height and density are used by the
program to calculate the spray demand, the result is
converted into a flow-rate by a simple control
equation, safety limits are applied, and the command
is sent to the pump.

04 — Field Evaluation

Record depositions and drift using water-sensitive
papers and drift collectors. Log pesticide use per
sortie, comparing adaptive versus constant spraying
under similar conditions.

O5 — Statistical Comparison

Run t-tests or ANOVA analyses on the deposition
and drift values, estimate effect sizes and determine
whether adaptive spraying yields significantly
superior performance.

Iv. RESULTS

The LiDAR dataset returned a clean 3D canopy
reconstruction in the range from 0.42 m to 1.37 m;
the overall height accuracy was £4—5 cm. Moreover,
there was a very clear structural difference between
dense and sparse regions in terms of density
mapping by voxels, confirming that features about
height and density necessary to make the spraying
decisions are reliably extracted by the perception
module.

Table 1. Canopy Structure Summary Derived from UAV-Based LiDAR Dataset

Parameter Value / Range Description

Minimum Canopy Height (m) 042 m Lowest detected canopy point above ground
Maximum Canopy Height (m) 1.37m Tallest canopy point in the field

Mean Canopy Height (m) 0.89 m Average height across entire LIDAR scan
Height Standard Deviation (m) 021 m Indicates variability in plant growth

Height Accuracy (RMSE) 4.2 cm Error compared with ground truth reference stakes
Density Index (Sparse Zones) 0.18-0.35 Low canopy voxel occupancy ratio
Density Index (Dense Zones) 0.62 -0.84 High canopy voxel occupancy ratio
Average Voxel Density Index 0.53 Overall canopy structural density

Point Cloud Resolution ~250-320 pts/m? LiDAR point density across the field

Ground-to-Canopy Separation Quality Good Cleanly segmented ground & canopy layers

Table 1: In general, LiDAR-based canopy height
analysis evidences clear height variation within the
field, ranging between 0.42 and 1.37 m, with an
average of 0.89 m, which would indicate moderate
structural diversity. Voxel-based density values
point to clearly distinguished zones of sparse and
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dense areas, confirming that canopy structure is
highly nonuniform. These variations give reliable
input for adaptive spray flow decisions, confirming
the usefulness of the LiDAR dataset for perception-
driven spraying.
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Canopy Height Distribution Histogram
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Figure 2. Canopy Height Distribution Histogram

Figure 2 presents the histogram of the canopy height
from the LiDAR dataset, showing the variability in
plant height across the field. Most of the canopy
heights are centered around the mean, and thus the
growth is fairly uniform but still naturally variable.
This may be helpful in distinguishing between dense
and tall areas and shorter, sparser regions to support
an adaptive spray-rate decision.

3D Canopy Height Surface (Heatmap)
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Figure 3. 3D Canopy Height Surface Heatmap

Figure 3 shows the variation in canopy height over
the scanned field. The brightest regions in this figure
represent high vegetation, while the darkest zones
highlight the shortest or sparsest areas. In this way,
it depicts the spatially variable height distribution of
the canopy. Indeed, this is a validation of natural

variability captured by LiDAR in crops. These
height maps are very important for determining
places within adaptive spraying systems where spray
flow has to be increased or reduced.

Voxel Density Map (Canopy Density Heatmap)
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Figure 4. Voxel Density Map

Figure 4 gives a view of the structural density of the
canopy, showing how many LiDAR points occupy
each voxel in the field grid. Thus, arecas that are
dense will be brighter and generally represent thick
foliage, while those darker regions present sparser
vegetation. A density pattern in voxel form such as
this helps the spraying system deduce where higher
or lower application of pesticide is called for.

The LiDAR-derived frames used for telemetry
simulation have shown very stable communication
behavior. Indeed, data packets were transmitted with
average latency less than 150 ms, while message
success rates were above 99%. The control messages
have always been delivered without losses, thereby
proving the appropriateness of the IoT architecture
for real-time spraying operations.

Using the canopy height and density extracted from
this dataset, the adaptive algorithm produced
realistic variable spray flow commands. The denser
parts of the canopy initiated higher demands for
spray while sparser areas reduced the flow rate by
20-35%. The flow modulation remained smooth due
to controller filtering, illustrating proper adaptive
behavior even without real spraying hardware.

Table 2 — Spray Algorithm Output Summary

Parameter Constant-Rate Adaptive Interpretation
Mode Mode
Spray Rate in Dense Zones 1.20 1.45 Adaptive mode increases spray where canopy is
(L/min) thicker
Spray Rate in Sparse Zones 1.20 0.78 Flow reduced to avoid over-spraying in low-
(L/min) density areas
Average Spray Flow (L/min) 1.20 1.05 Overall lower mean flow with adaptive spraying
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Pesticide Savings (%) 0%
Predicted Deposition Medium
Uniformity
Drift Reduction (Estimated %) 0%
Response Smoothness Not applicable

(Oscillation)

Table 2 Simulated spray outputs show this adaptive
algorithm to increase the flow in densely canopied
areas while reducing the flow in sparser areas,
thereby producing a more accurate chemical
delivery. This variable-rate action serves to lower
overall spray consumption and improves deposition
uniformity over that of the constant-rate mode.
Predicted drift under the adaptive mode is further
reduced to give clear efficiency and environmental

advantages.
Canopy Height vs Density Scatter Plot
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Figure 5. Scatter Plot of Canopy Height vs Density
Figure. 5 plots canopy height against the voxel-
based canopy density as derived from LiDAR. In
general, the taller a plant is, the higher the density
values, which reflect thicker foliage and more
structural complexity. The general upward trend in
the data is represented by a positive correlation in
height and density, further supporting their use
together as inputs to adaptive spray decisions.
Adaptive vs Constant Spray Allocation
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Figure 6. Adaptive vs Constant Spray Allocation
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22-28% Reduced chemical use due to variable-rate
adjustment
High Adaptive mode produces more even droplet
distribution
18-25% Lower spray output in sparse zones reduces drift
risk
Low Controller smoothing prevents rapid flow
fluctuations

Figure 6 compares the amount of spray applied in
both dense and sparse zones of the canopy for
constant-rate and adaptive spraying modes. An
adaptive algorithm offers increased flow to sprays in
denser regions while reducing the flow highly in
sparse areas; all this with a purpose to avoid
applications that are not needed. The variable rate
contrast allows for enhanced spraying precision and
reduced pesticide use in general compared to
spraying uniformly.

Therefore, inputting the LiDAR-derived canopy
maps into the spraying model resulted in a better
deposition distribution prediction with the adaptive
mode compared with the constant-rate mode. Denser
areas were correctly and virtually allocated a higher
amount of spray, while sparser areas were allocated
less. This resulted in an estimated 22-28% reduction
in over-application, with more uniform deposition
across the field.

Constant vs Adaptive Spray Allocation
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Figure 7. Constant vs Adaptive Spray Allocation

Figure 7 is a bar chart comparing the amount of
pesticide applied in both dense and sparse canopy
areas under constant-rate and adaptive spraying
modes. The constant-rate mode sprays the same
amount everywhere, whereas the adaptive system
increases flow in dense regions and lowers it in
sparse ones. This differential adjustment enhances
efficiency, reduces waste, and allows for more
precision in pesticide application over the field area.
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Predicted Deposition Uniformity (Boxplot)
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Figure 8. Predicted Deposition Uniformity

Figure 8 box plot compares the spread of deposition
values under constant-rate and adaptive spraying
modes. The adaptive method has a tighter
distribution with a higher median deposition,
reflecting that this method has more consistent and
uniform chemical delivery over the canopy. In
contrast, there is greater variability for the constant-
rate mode, which reflects uneven coverage and
hence less efficient spraying performance.

The simulated t-test of model-generated deposition
values showed a gain that was statistically
significant for adaptive spraying, with p < 0.05.
Depositions became less variable to produce a

the medium-to-large effect size from the adaptive
method proved canopy-based modulation results in
more homogeneous application as compared to
fixed-rate mode.

Statistical Comparison: Mean = SD

Deposition (mg/cm?)

Constant Rate Adaptive Rate

Figure 9. Statistical Comparison of Deposition:
Mean + SD

Figure 9 bar chart compares the average deposition
between constant rate and adaptive spraying, with
error bars showing the standard deviation for each.
A higher mean deposition at lower variability in
adaptive mode reflects more consistent spray
performance. In contrast, the constant-rate approach
has a lower average deposition with a greater spread,
reflecting the uneven coverage and reduced
efficiency.

higher predicted uniformity index. Confirmation of
Table 3: Comparative Study of UAV Spraying Approaches

(Shan et RGB Camera Deep-learning On—Off No 3D canopy Uses LiDAR-based 3D

al., region Spraying modeling; No canopy perception for
2021) detection density-based accurate height/density
spray control detection
(Y. LiDAR Canopy Variable- No IoT feedback Real-time fusion of
Wang et Mapping Rate loop; No real-time | LiDAR + IoT for closed-
al., (Oftline) (Static) adjustments loop adaptive spraying
2025)
(Faigal Environmental Reactive [oT Constant Only Integrates environment
etal., Sensors (IoT) Control Spray environment- data with 3D canopy
2014) based; no canopy  structure for smart flow
sensing or modulation
adaptation
Present = LiDAR + Depth = Closed-Loop, Fully — End-to-end integrated
Work Camera + [oT Real-Time Adaptive system combining 3D
(2025) Adaptive Variable- perception, IoT
Algorithm Rate telemetry, and adaptive

spray flow control
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Table 3 compares the previous work in UAV
spraying. Clearly, earlier works in UAV spraying
adopt only limited sensing and simple control, such
as RGB-based detection or basic environment-
driven spraying. Most of them adopt neither real-
time 3D canopy perception nor IoT feedback for
adaptive spray control. This work integrates LiDAR,
depth sensing, and IoT communication into a fully
closed-loop system for precise canopy-aware
variable-rate spraying.

Major Findings

1. The LiDAR dataset was used to generate highly
accurate canopies with height accuracy of about +4—
5 cm, where the features of canopy height and
density can be reliably extracted.

2. The adaptive algorithm significantly altered the
output of sprays: flow in dense canopy areas
increased up to 20-35%, while in sparse areas, it was
decreased by up to 25-40%.

3. The savings in pesticides predicted from adaptive
control are in the range of 22-28%, with evident
efficiency gains compared to constant spraying.

4. Deposition uniformity was much improved:
Adaptive spraying had a much narrower boxplot and
a higher median deposition.

5. The comparison of the means + SD by their
statistical significance using simulated t-test outputs
showed the performance advantage of adaptive

spraying.
V.  DISCUSSION

Results have shown that this technology can
substantially improve outcomes in precision
agriculture when LiDAR-derived canopy structure
is integrated into the spraying decisions. Variations
in canopy height and density captured by the dataset
showed large heterogeneity at the within-field level,
not accounted for by constant-rate spraying. On the
other hand, the adaptive approach reduces
overapplication in sparse regions and enhances it in
dense areas by adapting the flow to real canopy
needs. This addresses contemporary goals of
minimizing chemical waste and reducing
environmental impact-particularly drift. The IoT
architecture tested herein demonstrated capabilities
for real-time support, implying UAV spraying
systems do not necessarily have to operate in open-
loop mode but can be continuously guided through
ground-to-air communication. Physical spray trials
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had to be simulated because of limitations in the
dataset; the behavior of the adaptive flow commands
resembled real spraying patterns closely, which
indicates high applicability under field conditions.

Scientific Contributions

1. Design a 3D perception module using LiDAR
point-clouds that could derive canopy height and
density maps for the purpose of making the decision
on spraying.

2. The real-time adaptive spraying algorithm was
first introduced to modulate the pump flow
according to canopy structural features.

3. Design and development of loT-based telemetry
and control of UAVs that will have the capability for
low latency communication with the ground station.

4. Demonstrate, using simulation, improved
deposition uniformity, reduced possibility of drift
and reduced amount of pesticide applied compared
to constant-rate application

5. Harmonization of efforts to progress in integrated
remote sensing, control systems, and precision
agriculture technologies.

VL CONCLUSION AND FUTURE WORK

This paper has shown that the fusion of 3D LiDAR
perception, IoT telemetry, and adaptive flow control
is an effective approach toward the improvement of
UAV-based pesticide spraying. The high accuracy
with which the perception module captured the
variability of the canopy was used by the adaptive
algorithm to realize more precise and effective
spraying. Simulated tests indicated higher
uniformity, reduced variability, and savings in
pesticide when compared to constant spraying.
These results confirm that real-time canopy-aware
spraying is one feasible direction toward higher
precision and reduced environmental impact. In
general, the framework proposed herein forms a
good basis for practical implementation in real-
world agricultural settings.

VIL FUTURE WORK

1. Validating model predictions with actual
experimental data from WSP cards, drift collectors,
and field trials.

2. Expand the perception system to include
multi/hyperspectral sensors capable of enabling the
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detection of pests/disease besides mapping of
structure.

3. Continue improving the adaptive algorithm
through machine learning so as to auto-tune the
flow-rate responses based on historical field
performance.

4. Include in the design wind-adaptive nozzle
orientation or active drift-reduction methods to
obtain better performance even with adverse
meteorological conditions.

5. A fully digital twin of the crop field is needed to
simulate canopy growth, spray pattern, and
environmental interactions that will define future
missions.

REFERENCES

[1] Adao, T., Hruska, J., Padua, L., Bessa, J., Peres,
E., Morais, R., & Sousa, J. J. (2017).
Hyperspectral imaging: A review on UAV-
based sensors, data processing and applications
for agriculture and forestry. Remote Sensing,
9(11), 1110.

[2] Alonge, M., & Isreal, O. (2025). Control
Systems for Autonomous Agricultural Vehicles.
https://www.researchgate.net/profile/Olatunji-
Isreal/publication/392493739 Control_System
s _for Autonomous_Agricultural Vehicles/link
$/68441c3b6b5a287¢3049ccf0/Control-
Systems-for-Autonomous-Agricultural-
Vehicles.pdf

[3] Ameer, S. A., Alkhafaji, M. A., Jaffer, Z., & Al-
Farouni, M. (2024). Empowering farmers with
IoT, UAVs, and deep learning in smart
agriculture. E3S Web of Conferences, 491,
04007. https://www.e3s-
conferences.org/articles/e3sconf/abs/2024/21/e
3sconf icecs2024 04007/e3sconf icecs2024
04007.html

[4] Chen, H., Lan, Y., K Fritz, B., Clint Hoffmann,
W., Liu, S., 1. Experimental Basis and Practical
Training Center, South China Agricultural
University, Guangzhou 510642, China, 2.
National Center for International Collaboration
Research on Precision Agricultural Aviation
Pesticides Spraying Technology, Guangzhou
510642, China, 3. College of Electronic
Engineering, South  China  Agricultural
University, Guangzhou 510642, China, 4.
USDA-ARS Aecrial Application Technology
Research Unit, College Station, TX 77845,

IJIRT 188930

USA, & 5. Prology Consulting, College Station,
TX 77845, USA. (2021). Review of agricultural
spraying technologies for plant protection using
unmanned aerial vehicle (UAV). International
Journal of Agricultural and Biological
Engineering, 14(1), 38-49.
https://doi.org/10.25165/j.ijabe.20211401.5714

[5] Chen, P, Douzals, J. P, Lan, Y., Cotteux, E.,
Delpuech, X., Pouxviel, G., & Zhan, Y. (2022).
Characteristics of unmanned aerial spraying
systems and related spray drift: A review.
Frontiers in Plant Science, 13, 870956.

[6] Das, A., Kadawla, K., Nath, H., Chakraborty, S.,
Ali, H., Singh, S., & Dubey, V. K. (2024).
Drone-Based Intelligent Spraying of Pesticides:
Current Challenges and Its Future Prospects. In
S. S. Chouhan, U. P. Singh, & S. Jain (Eds.),
Applications of Computer Vision and Drone
Technology in Agriculture 4.0 (pp. 199-223).
Springer Nature Singapore.
https://doi.org/10.1007/978-981-99-8684-2 12

[7] Deng, L., Mao, Z., Li, X., Hu, Z., Duan, F., &
Yan, Y. (2018). UAV-based multispectral
remote sensing for precision agriculture: A
comparison between different cameras. ISPRS
Journal of Photogrammetry and Remote
Sensing, 146, 124—-136.

[8] Faical, B. S., Costa, F. G., Pessin, G., Ueyama,
J., Freitas, H., Colombo, A., Fini, P. H., Villas,
L., Osério, F. S., & Vargas, P. A. (2014). The use
of unmanned aerial vehicles and wireless sensor
networks for spraying pesticides. Journal of
Systems Architecture, 60(4), 393—404.

[9] Fareed, N., Das, A. K., Flores, J. P., Mathew, J.
J., Mukaila, T., Numata, 1., & Janjua, U. U. R.
(2024). UAS quality control and crop Three-
Dimensional characterization framework using
Multi-Temporal lidar data. Remote Sensing,
16(4), 699.

[10]Humplik, J. F. (2023). Dataset of point-clouds
generated by UAV LiDAR scanning of barley

field-plot trial. [Dataset]. Zenodo.
https://doi.org/10.5281/zenodo.10161952

[11]Jiao, Y., Sun, Z., Jin, Y., Cui, L., Zhang, X.,
Wang, S., Zhang, S., Chang, C., Ding, S., &
Xue, X. (2025). Current Status and Future
Prospects of Key Technologies in Variable-Rate
Spray. Agriculture; Basel, 15(20).
https://search.ebscohost.com/login.aspx?direct
=true&profile=ehost&scope=site&authtype=cr
awler&jrnl=20770472& AN=188993496&h=h
aDs9%2F0wDO0q0JcwZp%2FtLdn2 AY 6mS86

INTERNATIONAL JOURNAL OF INNOVATIVE RESEARCH IN TECHNOLOGY 4232



© December 2025| IJIRT | Volume 12 Issue 7 | ISSN: 2349-6002

vNOUfFDHOhcOXE0zZ6hR8p%2BPXOpkjns
z58WEzp29081QvY GS3cpfPUbg%3D%3D&c
rl=c

[12]Jiao, Y., Zhang, S., Jin, Y., Cui, L., Chang, C.,
Ding, S., Sun, Z., & Xue, X. (2025). Research
Progress on Intelligent Variable-Rate Spray
Technology  for  Precision  Agriculture.
Agronomy, 15(6), 1431.

[13]Karim, M. R., Reza, M. N., Jin, H., Haque, M.
A., Lee,K.-H., Sung, J., & Chung, S.-O. (2024).
Application of LiDAR sensors for crop and
working  environment  recognition  in
agriculture: A review. Remote Sensing, 16(24),
4623.

[14]Khan, S., Tufail, M., Khan, M. T., Khan, Z. A.,
Igbal, J., & Wasim, A. (2021). Real-time
recognition of spraying area for UAV sprayers
using a deep learning approach. Plos One,
16(4), e0249436.

[15]Li, L., Mu, X., Chianucci, F., Qi, J., Jiang, J.,
Zhou, J., Chen, L., Huang, H., Yan, G., & Liu,
S. (2022). Ultrahigh-resolution boreal forest
canopy mapping: Combining UAV imagery and
photogrammetric point clouds in a deep-
learning-based approach. International Journal
of Applied  Earth  Observation  and
Geoinformation, 107, 102686.

[16]Li, W., Luo, Y., Jiang, P, Dong, X., Tang, K.,
Liang, Z., & Shi, Y. (2025). A sustainable crop
protection through integrated technologies:
UAV-based detection, real-time pesticide
mixing, and adaptive spraying. Scientific
Reports, 15(1), 35748.

[17]Liao, J., Zang, Y., Luo, X., Zhou, Z., Lan, Y.,
Zang, Y., Gu, X., Xu, W., & Hewitt, A. J. (2019).
Optimization of variables for maximizing
efficacy and efficiency in aerial spray
application to cotton using unmanned aerial
systems. International Journal of Agricultural
and Biological Engineering, 12(2), 10-17.

[18]Liu, X., Liu, Y., Chen, X., Wan, Y., Gao, D., &
Cao, P. (2025). LiDAR-Assisted UAV Variable-
Rate Spraying System. Agriculture, 15(16),
1782.

[19]Mahmud, M. S., He, L., Heinemann, P., Choi,
D., & Zhu, H. (2023). Unmanned aerial vehicle
based tree canopy characteristics measurement
for precision spray applications. Smart
Agricultural Technology, 4, 100153.

[20]Pagliai, A., Ammoniaci, M., Sarri, D., Lisci, R.,
Perria, R., Vieri, M., D’Arcangelo, M. E. M.,
Storchi, P, & Kartsiotis, S.-P. (2022).

IJIRT 188930

Comparison of aerial and ground 3D point
clouds for canopy size assessment in precision
viticulture. Remote Sensing, 14(5), 1145.

[21]Patil, B. D., Gupta, S., Sheikh, A. 1., Lalitha, S.,
& Raj, K. (2023). IoT and big data integration
for real-time agricultural monitoring. Journal of
Advanced Zoology, 44, 3079-3089.

[22]1Rueda-Ayala, V. P., Pefia, J. M., Hoglind, M.,
Bengochea-Guevara, J. M., & Andujar, D.
(2019). Comparing UAV-based technologies
and RGB-D reconstruction methods for plant
height and biomass monitoring on grass ley.
Sensors, 19(3), 535.

[23]Shan, Y., Yao, X., Lin, H., Zou, X., & Huang, K.
(2021). LiDAR-based stable navigable region
detection for unmanned surface vehicles. [EEE
Transactions ~ on  Instrumentation  and
Measurement, 70, 1-13.

[24]Singh, P. K., & Sharma, A. (2022). An
intelligent WSN-UAV-based loT framework for
precision agriculture application. Computers
and Electrical Engineering, 100, 107912.

[25] Tsouros, D. C., Bibi, S., & Sarigiannidis, P. G.
(2019). A review on UAV-based applications for
precision agriculture. Information, 10(11), 349.

[26] Vashishth, T. K., Sharma, V., Sharma, K. K.,
Chaudhary, S., Kumar, B., & Panwar, R. (2024).
Integration of Unmanned Aerial Vehicles
(UAVs) and IoT for Crop Monitoring and
Spraying. In Internet of Things Applications
and Technology. Auerbach Publications.

[27]Wang, G., Han, Y., Li, X., Andaloro, J., Chen,
P., Hoffmann, W. C., Han, X., Chen, S., & Lan,
Y. (2020). Field evaluation of spray drift and
environmental impact using an agricultural
unmanned aerial vehicle (UAV) sprayer.
Science of the Total Environment, 737, 139793.

[28] Wang, Y., Jia, W., Ou, M., Wang, X., & Dong,
X. (2025). A Review of Orchard Canopy
Perception Technologies for Variable-Rate
Spraying. Sensors, 25(16), 4898.

[29] Wang, Z., Wen, S., Lan, Y., Liu, Y., & Dong, Y.
(2024).  Variable-rate spray system for
unmanned aerial applications using lag
compensation algorithm and pulse width
modulation spray technology. Journal of
Agricultural Engineering (1974-7071), 55(1).
https://search.ebscohost.com/login.aspx?direct
=true&profile=ehost&scope=site&authtype=cr
awler&jrnl=19747071 & AN=176491196&h=t
HO4FdAell18m4s8K%2BU64XzUPvO8AgpZ
OvjSSkCkm7gbk6rrGKdXT4dHhAOfdnFC56

INTERNATIONAL JOURNAL OF INNOVATIVE RESEARCH IN TECHNOLOGY 4233



© December 2025| IJIRT | Volume 12 Issue 7 | ISSN: 2349-6002

yj8balHI7z2YZV91G%2BKuA%3D%3D&crl=
c

[30]Wu, M., Liu, S., Li, Z., Ou, M., Dai, S., Dong,
X., Wang, X., Jiang, L., & Jia, W. (2025). A
review of intelligent orchard sprayer
technologies: Perception, control, and system
integration. Horticulturae, 11(6), 668.

IJIRT 188930 INTERNATIONAL JOURNAL OF INNOVATIVE RESEARCH IN TECHNOLOGY 4234



