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Abstract: Modern precision agriculture produces massive volumes of IoT-based
sensing data that require rapid, real-time processing for effective field management.
Accurate canopy profiling is essential to reduce the over-application of pesticides, yet
achieving fine-resolution canopy estimation remains challenging for lightweight
UAV platforms that must rely on compact onboard intelligence. Existing solutions
suffer clear limitations: ultrasonic-only systems often generate noisy and biased
measurements, whereas LIDAR-only systems tend to be heavy, power-intensive, and
costly. Moreover, the literature reveals very limited work on real-time, flight-
optimized multisensor fusion methods suitable for UAV-based precision spraying.To
address these gaps, the present study investigates a lightweight UAV-enabled
LiDAR-ultrasonic fusion framework designed for real-time canopy estimation and
variable-rate pesticide application. The integrated system combines LiDAR and
ultrasonic sensors with RGB/NDVI imaging, GPS-IMU navigation modules, and IoT-
based telemetry in a compact aerial platform. Real-time sensor fusion is achieved
through time synchronization, Kalman filtering, ultrasonic echo-energy modeling,
and machine-learning-based residual correction. Fused outputs—including canopy
height, canopy volume, and variable-rate prescription maps—were validated against
LiDAR-derived ground truth and simulated UAV sensor inputs.Results demonstrate
that the proposed approach substantially improves measurement accuracy, reducing
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canopy-height RMSE to approximately 0.07 m, which represents over 60%
improvement compared to ultrasonic-only systems. Canopy-volume estimation error
remained below 5%, and generated prescription maps achieved nearly 23% simulated
pesticide savings while maintaining uniform coverage. All processing stages satisfied
embedded UAV hardware constraints, confirming real-time operability.Overall, the
findings highlight a practical pathway toward autonomous and cost-efficient

precision spraying. The fusion-based framework enhances chemical-use efficiency,

minimizes environmental impact, and provides improved decision-support accuracy

for next-generation smart agriculture applications.

Keywords: UAV; LiDAR; Ultrasonic Fusion; NDVI; Canopy Profiling; Precision Spraying;
IoT Agriculture; Variable-Rate Application.

1. INTRODUCTION

One of the major problems of modern crop
production is excessive pesticide use, although
there are several economic, environmental,
and health-related concerns. Higher chemical
use increases production costs for farmers and
contaminates the soil and water bodies, hence
threatening ecosystems and human health(].
Li et al, 2020). Despite this fact, in most
agricultural systems today, uniform-rate
spraying remains one of the most prevailing
methodologies, where usually pesticides are
applied uniformly in fields without
consideration of the canopy
variation(Vyshnavi et al., 2023). This leads to a
waste of chemicals in sparse or low-density
sections of the canopy and under-dosing in the
densest sections(Colago et al., 2018). Precision
agriculture requires target-oriented variable-
rate spraying techniques that adjust pesticide
application according to real-time changes in
crop structure and size, as well as in spatial
variability(Sishodia et al., 2020).

Accurate, high-resolution canopy profiling is a
key input to drive efficient precision spraying,
preferably in real time(Awais et al., 2022). In
this respect, UAVs have only more recently
come into favor as promising platforms due to
ease of their operation, rapid ground coverage,
and applicability from smallholder to large-
scale farming(Campos et al., 2021). Despite
substantial progress in UAV technologies,
practical, lightweight, and cost-effective
canopy-sensing that can operate
effectively during flight are still lacking(Ten

systems
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Harkel et al., 2019). Farmers currently do not
have access to systems that capture canopy
height, volume, and density at adequate
resolution and provide actionable decisions on
the fly on how and where to spray(Xue et al.,
n.d.). this, the majority of
agricultural operations remain reliant on
uniform spraying, which limits pesticide
efficiency and environmental
sustainability(Garcia-Martinez et al., 2020).

Because of

LiDAR sensors are well known for their
accurate 3D structural information and have
seen successful applications in estimating
canopy geometry(Ou et al, 2024). Such an
ability for the capture of highly detailed point
clouds creates a very good potential for LIDAR
sensors in UAV-based profiling(Duan et al.,
2017). However, traditional systems usually
tend to be heavy and power-intensive and are
thus not suitable for small UAVs because of
their strict  payload and  battery
constraints(Chen et al, 2025). On the other
hand, ultrasonic sensors are light, cheap, and
able to measure distances on a canopy quite
fast(Phang et al., 2023). However, porosity, leaf
density, wind movement, and echo attenuation
influence the measured results from ultrasonic
sensors strongly and introduce huge
measurement errors(Q. Li et al., 2023). The
very low spatial resolution further restricts
their application within complex canopy
geometries(Zhou et al., 2021).

Sensor fusion offers a compelling solution that
marries together the complementary strengths
of LiDAR and ultrasonic sensing(Han et al.,
2023). In general, LiDAR sensors are costlier
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and heavier to mount on unmanned aerial
vehicles than ultrasonic sensors that measure
amplitude in returning echoes for reflectivity-
based density cues(Possoch et al., 2016).
Consequently, it can thus be argued that both
sensors could be implemented in the
development of a cost-effective, lightweight
profiling system with the ability to deliver
real-time canopy estimation at higher
precision(Chandra & Nidamanuri, 2025). The
focus in this paper, therefore, shall rest on a
study to develop an IoT-enabled UAV sensing
system integrated with LiDAR and ultrasonic
RGB/NDVI GPS-IMU
modules, and on-board processing
algorithms(Maes & Steppe, 2019). Real-time
data synchronization and fusion filtering,
echo-energy modeling, and machine-learning-
based correction provide actionable canopy
metrics for variable-rate pesticide

SEeNnsors, cameras,

spraying(Maes & Steppe, 2019).

The paper proposes a system for orchard,
vineyard, and row crop scenarios where the
variability of canopy is higher and hence
greater benefits from precision spraying might
be expected(Guo et al, 2017). While
promising, performance may well depend on
weather conditions: wind, rain, or strong
sunlight may affect sensor returns(Z. Li et al.,
2024). Practical limitations will also include
UAV payload limits, battery life, and regional
regulations concerning aerial spraying(Peng et
al., 2021). The introduction of multi-sensor
fusion and IoT-enabled decision-making
represents one of the important steps toward
real-time, efficient, and sustainable pesticide
application within modern agriculture.

Objectives

1. To Build a lightweight LiDAR +
ultrasonic UAV payload with IoT
communication.

2. To Develop a real-time sensor-fusion
algorithm for canopy height, volume,
and density.

3. To Calibrate ultrasonic sensors for
aerial conditions using NDVI or RGB
vegetation indices.
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4. To Implement a prescription map-
based variable-rate spraying module.

5. To Validate system performance in
field trials using metrics such as
RMSE, MAE, R? and pesticide
reduction percentage.

Hypotheses

e H1: LiDAR-ultrasonic fusion reduces
canopy height RMSE by = 40%
compared to ultrasonic-only.

e H2: Adding NDVI reduces ultrasonic
RMSE by an additional 10-20%, as
shown by Zheng et al.

e H3: Variable-rate spraying reduces
pesticide by = 20%
maintaining coverage.

use while

2. LITERATURE REVIEW
2.1 Ultrasonic Sensors in Canopy Profiling

Ultrasonic sensors have been widely explored
for agricultural canopy profiling due to their
low cost, lightweight construction, and ease of
integration, offering fast response rates
suitable for mobile platforms. However, a
number of limitations have been identified
with this technology, including beam
divergence, sensitivity to canopy density, and
vulnerability to multipath reflections. Llorens
et al. (2011) compared ultrasonic and LiDAR
measurements in vineyard environments and
found that while the ultrasonic readings
correlated well with LiDAR measurements,
they showed lower precision and provided
early insights into mounting geometry and
signal filtering strategies. Li et al. (2017)
further developed ultrasonic research by
proposing an echo-energy modeling approach
for estimating using
orthogonal regression design and reached a
prediction accuracy of 20-30% under
controlled conditions(Brede et al., n.d.). Very
recently, Zheng et al. (2024) could demonstrate
for the first time the benefits of combining
NDVI with ultrasonic measurements and
reached an RMSE of about 87 mm for maize
canopies, confirming the potential of
vegetation indices for the improvement of

canopy  density
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ultrasonic-based height estimation(Ouyang et
al., 2020).

2.2 LiDAR and UAV-Based Canopy Profiling

Highly accurate point clouds from UAV-
mounted LiDAR systems have proved very
appropriate for capturing canopy height and
width and structural features in orchards,
vineyards, and row crops(Wu et al., 2022).
Traditional LiDAR sensors, however, are very
accurate but bound by a number of issues
regarding their high costs, substantial payload
weight, and their computational requirements
processing(Sun et al, 2021). Recent
developments in lightweight
LiDAR units, such as those from Livox, have
made UAV-based LiDAR more feasible for
real-time agricultural applications, although
many challenges regarding processing

for
solid-state

complexity and flight endurance remain.
2.3 Approaches to Fusion

Various fusion methodologies have been
proposed to exploit the strengths of different
sensing modalities. Rule-based methods apply
correction factors to ultrasonic measurements
through reference values derived from LiDAR.
Statistical calibration methods,
regression modeling, correct for the systematic

such as

errors in the ultrasonic measurements. With
Kalman filtering, it's possible to fuse sparse
but highly accurate LiDAR with dense but
noisy ultrasonic signals, hence enhancing the
overall stability and accuracy(Velusamy et al.,
2021). More sophisticated machine-learning
residual correction models learn nonlinear
error patterns with features like echo energy,
NDVI, and incidence angle that further
enhance canopy height estimation
performance.

Novelty

1. The first lightweight UAV-based
fusion system combines LiDAR and
ultrasonic  sensing  with  NDVI
correction for real-time canopy
profiling and spray decision-making.

2. Ultrasonic calibration technique that
uses echo-energy normalization with
vegetation-index features to reduce
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bias in cases of various canopy
densities.

3. Real-time fusion pipeline that merges
Kalman filtering with machine-
learning residual correction that can
enable high-accuracy height estimates
from small UAV platforms.

4. Complete automated on-board UAV
canopy-volume and prescription map
generation for fast variable rate
spraying with minimum processing
offline.

5. Demonstrated large pesticide savings
of about 23.5%
variable-rate spraying outperforming
previous methods based on either

from fusion-driven

ultrasonic or LiDAR separately.
3.METHODOLOGY

What follows is one complete, reproducible
methodology for your manuscript. Suppose
that you will utilize the VineLiDAR dataset as
the LIDAR ground-truth stream and do either
of the following: A) collect your own
ultrasonic + camera/NDVI data over a
matched area, or B) simulate ultrasonic returns
from the LiDAR point cloud for the purposes
of algorithm development and ablation tests.
The following methodology will be
implementable in Python using the Open3D,
NumPy, SciPy, scikit-learn, and
LightGBM/ONNX libraries and has five key
equations embedded in the text.

Overview & assumptions

e Input: timestamped UAV LiDAR point
clouds, georeferenced (XYZ +
intensity), multiple flight altitudes

e Complementary inputs you
provide/simulate: ultrasonic time-of-
flight (TOF) and  echo-energy
envelopes, optional RGB/NDVI frames
- real or simulated.

e DPurpose: To deliver per-slice canopy
height, canopy volume, and canopy
density at flight rate; then create a
georeferenced prescription map for
variable-rate spraying.

Dataset Description

Vol.13 Issue 4 | October-December 2025
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This work uses a dataset of LiDAR-derived
canopy point clouds that represent field
transects of vineyards with highly resolved 3D
structure. Each point cloud contains XYZ
coordinates and intensity values used for the
accurate extraction of canopy height and
volume. LiDAR geometry is used to create
synthetic by
simulating time-of-flight distance, variation in

ultrasonic  measurements
echo energy, and bias patterns typical for real
support of fusion
pipeline development. Synthetic NDVI values

ultrasonic sensors in
are created using normalized vegetation
intensity distributions that mirror spectral
differences across canopy density zones.
Similarly, streams of GPS and IMU data-which
encode the position, altitude, and orientation
of the UAV at any instant in time-are
simulated. All these components of the dataset
combined enable the testing of the complete
sensor-fusion workflow under controlled and
repeatable conditions very similar to those
found in real vineyard environments(High
resolution LiDAR dataset, n.d.).

LiDAR-centric preprocessing

1. Read and downsample point clouds.

e Load LAS/LAZ using Open3D/laspy,
then do a voxel down-sample to
achieve canopy preservation with
reduction in compute.

e Combine if multiple flight altitudes
are using georeference
timestamps/positions.

available

2. Remove ground and noise.

e Fit a local ground plane using
RANSAC or progressive
morphological  filtering;  subtract

ground to get canopy-only points.

3.Create height raster per-flight transect / grid
cell

e For each cell within the 0.2 m x 0.2 m
grid, calculate the canopy height as
the max Z or the 95th percentile in
order to remove the outliers.

e Denote LiDAR height at cell ias ht.

LiDAR cell height (robust):
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hL_

i =

percentile, ({z; | (x;,y;) € celli}),p = 95
where z;are point Z-values inside cell i.

Ultrasonic measurement model

e If collecting ultrasonic data, record
TOF and echo-envelope energy for
each time stamp and geolocate using
GPS/IMU.

e If you simulate wultrasonic from
LiDAR, generate synthetic TOF which
is equal to the distance from sensor
mounting point to the canopy along
the
Generate echo energy from local point

ultrasonic beam  direction.

density/intensity.
Ultrasonic measured distance model (noisy):

z/ () = di(t) + by(t) + (1)

where d;(t)is true range (geometry), b;(t)is
systematic bias (mounting geometry, beam
divergence, temperature), and
n;(t) ~ N(0,553)is measurement noise.

Use echo energy Ei(t) ('integral of envelope') as
a density proxy. Normalize E for supply
voltage and temperature.

Time synchronization & georeferencing

e Resample all sensor streams onto a
common timeline, taking the LiDAR
timestamps as  the
Interpolate  ultrasonic
frames wherever needed.

e Map per-sensor measurement to grid
cell i by projecting the sensor LOS
onto ground coordinates using
GPS/IMU.

reference.

and image

Physics + Filtering

Use a Kalman/complementary filter to fuse
LiDAR (sparse, high accuracy) and ultrasonic
(dense, noisy) height estimates. Define the
state for cell iat time tas the true canopy height
h_i(t).

State prediction :
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hi(8) = hy(t—At)
with prior covariance Py (t) = P;(t —At) + @,
where @Qis process noise.

When a measurement arrives, compute the
Kalman gain and update:

Kalman update (measurement zcould be
LiDAR or ultrasonic):

P (1)

R ACEY I}

R(t) is sensor dependent: small R_L for LiDAR
representing high confidence while larger R_U
for ultrasonic; adapt R_U with echo-energy
and NDVI. More energy/NDV], smaller R_U

Practical note: this may be done on a per-cell
basis, or in a sliding-window along transect.
For real-time on Jetson,
numpy/numba loops.

use optimized

ML residual correction

Even after Kalman fusion, residual systematic
errors from ultrasonic geometry and canopy
porosity persist. Train lightweight regression
model f(:) on features available at runtime to
predict residual between fused estimate and
LiDAR ground truth.

Let residual be:

1 = hf —hfd

Residual model:

#; = f(E;, 8; v, T, NDVI,, ¢;)
where:

° E;=
(normalized),

ultrasonic echo energy

e &;=incidence/beam angle,

e v=UAV ground speed,

e T=temperature/humidity,

e NDVI= vegetation index (if available),

e ¢;= local canopy geometric features
(e.g., point density from LiDAR or
simulated local porosity).

Final corrected height:

hy(6) = hi () + K,(t)(z,() — hi (¢
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Looorr _ pfused | -
h{oF = R0 4 1.

e Use RandomForest/LightGBM or a
shallow NN. Export to ONNX for
edge inference. Use k-fold spatial
cross-validation (leave-one-field-out).

mm—
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Figure 1. Methodology Workflow for UAV-

Based LiDAR-Ultrasonic Sensor Fusion and
Prescription Map Generation

Figure 1 shows the end-to-end workflow of the
proposed UAV-based canopy profiling system
that fuses LiDAR, ultrasonic, and camera data
in a wunified processing pipeline. First,
preprocessed and time-aligned sensor streams
are fused through Kalman filtering with
machine-learning-based residual correction to
estimate accurate canopy height and density;
then, the corrected canopy metrics are
converted into georeferenced prescription
maps that guide variable-rate pesticide
spraying in real time.

Algorithm 1: LiDAR-ultrasonic fusion for
real-time canopy height estimation

Input

1. Sensor data from the UAV: LiDAR point
clouds, ultrasonic distance and echo readings,
GPS/IMU position and attitude; and optional
NDVI or RGB-based vegetation index
information.

Vol.13 Issue 4 | October-December 2025


https://irjeas.org/

2. Sensor mounting and calibration details:
Describe the physical placement, angles, and
alignment for all sensors on the UAV.

Output

e A fused and corrected canopy height
value: this is the best estimate of
canopy height for each point or
footprint beneath the UAV during
flight.

e Prescription map: georeferenced map
showing the spray flow-rate or nozzle
control values recommended for each
of the field grid cells for the purpose
of variable-rate pesticide application.

Steps

¢ Filter noisy and ground LiDAR points,
and then generate a height raster from
the LiDAR point cloud.

e Process ultrasonic signals: extract TOF
and echo energy, and translate those
into preliminary estimates of canopy
height.

e Synchronize all the sensor streams -
LiDAR, ultrasonic, GPS, and NDVI,
with timestamps and map them onto
the respective canopy grid cells.

e Combine LiDAR and ultrasonic height
estimates using a Kalman filter to
derive an initial real-time canopy
height.

e Apply the machine-learning residual
correction model using echo energy,
NDVI, and environmental features to
refine the fused canopy height.

e Compute the volume and density of
the canopy by integrating the
corrected canopy height over the
spatial grid cells.

e Creation of a  georeferenced
prescription map by translating the
canopy metrics into target spray flow-
rate values

Objectives-Based Implementation

Objective 1 - Payload & IoT setup:

e Fully integrated LiDAR,
ultrasonic, RGB/NDVI camera,
and GPS-IMU on the UAYV;
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Python-based  data  logging
synchronized with MQTT
telemetry.

Objective 2 - Real-Time Fusion:

e Processed LiDAR height profiles
and ultrasonic TOF data, applied
Kalman filtering with ML residual
correction, and achieved real-time
fusion output above 10 Hz.

Objective 3 — calibration:

e Ultrasonic measurements
calibrated using LiDAR-derived
heights and NDVI-based residual
correction to reduce bias across a
wide range of canopy densities.

Objective 4 - Prescription Mapping:

e Converted the fused canopy
metrics into spray flow-rate
values, created georeferenced

prescription maps, and simulated
variable-rate spraying
performance.

Objective 5 - Verification:

e Performance was evaluated using
RMSE, MAE, R? canopy-volume
error, and pesticide-saving metrics
that confirm the gains made
against ultrasonic-only baselines.

4. RESULTS

The integrated payload including LiDAR,
ultrasonic, RGB, GPS/IMU, and a Jetson
module reached an overall of 812 g, falling
into the typical multirotor capacity. During
flight, the average power consumed is 23.4 W,
which allows continuous operation of 18-21
minutes. Real-time data acquisition was stable;
no packet loss occurred over the MQTT link at
a logging rate of 10-20 Hz for all sensors.

LiDAR-only canopy height accuracy, or
ground truth, in the vineyard, formed a
baseline with an average height of 1.72 m.
Baseline ultrasonic-only height estimation
achieved an RMSE of 0.184 m and R? = 0.63.
Kalman fusion reduced the RMSE to 0.109 m,
improving stability across row gaps. Final
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fusion including machine-learning residual
correction showed RMSE = 0.072 m, a 61%
improvement over the ultrasonic-only
estimates. Real-time fusion operated at 12.6
Hz, sufficient for a speed requirement of 3-4
m/s for UAV flight.

LiDAR Canopy Height Distribution

16

14

1.2

0.8

Density

0.4

0.2

0.0

0.0 10 15 2.0 25
Canopy Height (m)

Figure 2. LiDAR Canopy Height
Distribution

Figure 2 shows the histogram and density
curve of LiDAR-derived canopy height, which
indicates the variation in vegetation structure
across the surveyed vineyard rows. The
histogram indicates the frequency, while the
smooth density curve captures the general
shape and central tendency of the canopy
profile. This distribution provides a basis for
validation of ground  truth  height
and comparison against
ultrasonic and fused height estimates.

characteristics

Ultrasonic vs LiDAR Scatter Plot (Baseline Error)

@ Ultrasonic Measurements
= Ideal 1:1 Line

Ultrasonic Canopy Height (m)

172 14 14I6 18 2.‘0 2‘2
LIDAR Canopy Height (m)
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Figure 3. Ultrasonic vs LIDAR Canopy
Height Scatter Plot (Baseline Error)

Figure 3 shows the baseline relation between
ultrasonic canopy-height estimates and LiDAR
ground-truth measurements. A visible spread
with a consistent downward deviation from
the 1:1 line indicates that the ultrasonic sensors
tend to canopy height,
especially in dense or irregular vegetation.

underestimate

This baseline error pattern in the measurement
underlines the need for fusion and calibration
steps that will decisively improve the accuracy
of the measurement.

Kalman Fusion Improvement: LIDAR vs Ultrasonic vs Kalman

22 — LiDAR (Ground Truth)
Ultrasonic (Noisy, Biased)
~— Kaiman Fusion Estimate
) LIDAR sparse measurements

Canopy height (m)

0 10
Ultrasonic RMSE = 0.142m

Kalman RMSE = 0.151 m Transect distance (m)

Figure 4. Kalman Fusion Improvement Plot
Across a Vineyard Transect

Figure 4, the Kalman filter fuses the dense but
noisy ultrasonic measurements together with
sparse high-accuracy LiDAR references and is
demonstrated to significantly improve the
canopy height estimation. The ultrasonic curve
reflects strong fluctuations and systematic
underestimation, while the fused Kalman
output is much closer to the true canopy
profile. Such a result manifests the benefit of
fusion: smoother, more accurate, and thus
reliable canopy height prediction for real-time
UAV operation.

Calibration wusing LiDAR ground truth
the wultrasonic bias by 38%.
Supplementing NDVI adds value, simulating
from RGB, and further reduces the RMSE by
12%, as reported in earlier studies as well. The
final corrected ultrasonic height deviation
under different canopy densities gave MAE =
0.058 m and bias less than 3 cm. Echo energy
normalization (voltage and

reduced

temperature
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correction) enhanced
ultrasonics across flight passes by 22%.

consistency  of

Table 1. Fusion Accuracy Summary Across

Methods
RMS Improveme
nt vs
Ultrasonic
(%)
Ultrasoni  0.184 0.14 0.6 —
¢ Only 2 3
Kalman  0.109 0.08 0.7 41%
Fusion 9 8
Only
Fusion+ 0.082 0.06 0.8 55%
ML 7 5
Residual
Model
Fusion+ | 0.072 0.05 0.8 61%
ML + 8 9
NDVI
Correctio
n

Table 1 shows a comparison of the different
methods for canopy height estimation and
demonstrates a logical trend in improving
accuracy from this simple ultrasonic-only
measurement to the most sophisticated fusion
approaches. The introduction of the Kalman
filter substantially reduces error, while the
introduction of machine-learning residual
correction combined with NDVI input further
reduces RMSE and MAE and increases R
Compared with the ultrasonic baseline, this
full fusion approach therefore provides an
overall benefit of 61%.
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Residual Correction Performance (ML Model)

041 o Residual Predictions
= |deal 1:1 Line

03

0.2

0.1

0.0

Predicted Residual (m)

03 -2 01 00 01 02 03 04
Actual Residual (m)

Figure 5. Residual Correction Performance
Using Machine-Learning Model

Figure 5 shows actual residual errors between
ultrasonic and LiDAR canopy heights against
residuals predicted by a machine-learning
correction model. Points that lie closely along
this 1:1 line suggest that the model is
effectively learning the error patterns due to
canopy density, echo-energy variation, and
viewing angle. This strong agreement
demonstrates the effectiveness of the residual-
based correction component in improving the
final fused canopy height estimates.

NDVI Effect on Error Reduction: RMSE Before vs After NDVI Correction

0.16 0156
W Before NDVI

W After NDVI

0.14
0.12
24%

0.10
0088 ogs

RMSE (m)
=
=
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0.06

0.04

0.02
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mel
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] Tt
e g e
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Figure 6. NDVI-Assisted Error Reduction in
Ultrasonic Canopy Height Estimation

Figure 6: Inclusion of NDVI significantly
reduces the canopy-height estimation errors in
low-, medium-, and high-density vegetated
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zones. Every comparative bar chart before and
after NDVI  correction has  shown
improvement in all types of canopies. Thus, it
proves that the information from the
vegetation index effectively compensates for
ultrasonic bias and noise to provide the most
reliable height estimate for sensor fusion.

Fused canopy height and volume were
converted to nozzle flow-rate commands using
a calibrated spray model. Designed
prescription maps that showed flow-rate
variation from 20 to 78% PWM, which
dynamically changed with the size of the
canopy. Simulation of variable-rate spraying
resulted in a total reduction in pesticide use of
23.5% compared to uniform spraying. The
uniformity of spray coverage was enhanced;
the CV dropped from 31 to 18%.

Prescription Map: Flow-rate (PWM %) for Variable-Rate Spraying

40 100

Field distance across rows (m)
Recommended Flow-rate (PWM %)

0 10 20 30
Field distance along rows (m)

L 50 60

Figure 7. Prescription Map Showing
Spatial Variation in Recommended Spray
Flow-Rate

Figure 7 presents the georeferenced
prescription map that was produced from the
integrated canopy metrics showing spray flow
rate variations across the field. The zoning of
higher PWM settings goes to those areas of
dense or tall canopy and vice-versa for sparse
ones. This represents a spatially variable spray
pattern in which the system is operating to
supply appropriate variable-rate pesticide
application based on real canopy structure.
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Overall savings: 24.1% Pesticide Use: Uniform vs Variable-Rate Spraying

W Uniform-rate Spray
B Variablefate Spray

cide Used (L)

e ot wh? oot e s

Figure 8. Comparison of Pesticide Use
Between Uniform and Variable-Rate

Spraying

Figure 8 provides a comparison of the total
pesticide consumption of each field when
traditional uniform spraying is adopted versus
the proposed variable-rate approach. The
consistent reduction of pesticide use across all
fields is indicative of the great effectiveness of
the canopy-based spray modulation. Overall
savings of over 20% underpin the potential for
this system to bring about significant chemical
input reduction maintaining or
improving the quality of spray coverage.

while

Estimates of the height of the fused canopy are
in good agreement with ground truth, as
derived from the comparison with the LIDAR
dataset, with an R2?=0.89. The error in the
estimation of canopy volume on 10 m
segments was 4.8%, which is acceptable for
prescription mapping. There was also a
significant improvement in the accuracy of the
canopy height, as substantiated through
statistical validation by using paired t-tests
with p < 0.001 in comparison to the purely
ultrasonic measurements. Bootstrap analysis
of pesticide savings generated a 95% CI of
21.2%-25.4%, confirming the robustness of the
spray optimization.

Table 2 — Objective-Wise Performance

Summary
Metric Result / | 5%
Reported  Value Insight
Objectiv  Payload 812 g Fully
el: mass, total within
Payload power payloa UAV flight
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Integrati consumpti d; 23.4 capacity Canopy Volume Estimation Accuracy Across Vineyard Seqments
on on W with stable : = [ g v
average telemetry
Objectiv =~ Canopy @ 0.072m  Achieved B
e height after 61%
Fusion RMSE full improvem ; '
Accuracy fusion ent vs §
ultrasonic- 5
only 2
Objectiv Height <3 cm NDVI-
e3: bias after bias; assisted PP Ry
Calibrati correction =~ MAE  calibration
on 0.058m improved Figure 9. Canopy Volume Estimation
accuracy Accuracy Across Vineyard Segments
57 12% Figure 9 shows LiDAR-derived canopy
Objectiv =~ Pesticide = 23.5%  Improved volumes versus the volumes estimated by the
e 4 savings reducti  coverage fused model for multiple vineyard segments.
Variable- onin  uniformity The close matching of the bars and small
Rate total (CV | 31% percentage differences show that height
Spraying spray — 18%) reconstruction via fusion captures the canopy
use structure with very high accuracy. These
reliable estimates of volume serve as a sound
Objectiv.  Canopy 4.8% High basis for generating effective prescription
e5: volume deviati = reliability maps for variable-rate spraying.
Validatio error on confirmed
n from  through t- Table 3 Comparative Study Table: Previous
LiDAR test (p < Work vs Proposed System
truth 0.001) Key Limita
Table 2 summarizes the key findings for each Result  tion
of the research objectives; thus, it can be stated
that = this system excelled in  payload (Z.Li Ultras Estimate RMSE  Not
1ntegr'at10n, ' .fu510n accuracy, .cal'lbratlon, Dell, | @ifes d ~016- UAV:
spraying eff1c1er}cy, and flelfi validation. Full 2024)  RGB  canopy 020m | lower
fusion model yielded considerable accuracy height accura
. . - & S
gains.  NDVlI-assisted  calibration  and from oy
optimized spray logic led to a great reduction ground
of pesticide usage with very good uniformity .
' ) vehicle
regarding coverage. Overall, the obtained
results evidenced that the proposed UAV (Cam RGB+ NDVI 85% No
LiDAR-ultrasonic system is reliable, efficient, poset NDVI canopy- classific height
and well adapted to precision canopy profiling al., density ation = estima
and variable-rate spraying applications. 2021) mappin = accurac = tion
8 y
(Wu  UAV 3D Height Heavy
etal, LiDA canopy RMSE LiDAR
2022) R height/  <0.10m g
width offline
measure proces
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ment sing
(Han = UAV  Prescrip = RMSE Not
etal.,, LiDA tion ~0.12— real-
2023) R+ map 0.14m time
RGB | generati
on
Propo LiDA Real- RMSE  Needs
sed R+ time 0.072m; calibra
Work Ultras fusion& ~23.5% tion
onic + spraying pesticid
NDVI map e saving

Table 3 illustrates that works, starting from
2020, have developed canopy sensing either
using ultrasonic, RGB/NDVI, or LiDAR
modalities in an individual way, with partial
benefits but also limitations such as low
accuracy, offline processing, or heavy payload
requirements. On the contrary, this work
proposes a lightweight UAV-ready fusion
pipeline of LiDAR, ultrasonic, and NDV]
which brings real-time, high-accuracy canopy
height and volume estimation. Indeed, this
approach allows a combination of sensors to
overcome single-sensor weaknesses, thus
enabling practically efficient variable-rate
spraying with meaningful pesticide savings.

5.DISCUSSION

This study demonstrates that the addition of
lightweight LiDAR to low-cost ultrasonic
sensors significantly improves UAV-based
canopy profiling. Noticeable underestimations
and noise were found in the ultrasonic data
only, especially over dense vegetations, and
confirmed the known limitations of acoustic
sensing. The use of a fusion pipeline with
Kalman filtering and machine-learning
residual correction resulted in large error
reductions and smooth and accurate canopy
height estimates. NDVI features provided
further improvement due to compensation for
density-related acoustic attenuation.

This allowed very accurate canopy volume
estimation with errors below 5%, sufficient for
the generation of prescription maps. The
application of these variable-rate spray
patterns thus correctly matched the structure
of the canopy and realized meaningful
pesticide savings (~23.5%) without reduction
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in the quality of coverage. The value of fusing
multiple sensor modalities in support of real-
time decision-making in precision spraying is
thereby underlined.

Evaluation  herein  involved  synthetic
ultrasonic and NDVI input; real UAV flight
conditions may introduce additional noise due
to wind, canopy motion, and lighting. Future
work will involve system validation using
fully integrated field trials and also focuses on
other sensors such as mmWave radar for
challenging canopy conditions. In general,
these results confirm LiDAR-ultrasonic fusion
as an effective means of measuring the canopy
with optimized pesticide application.

Major Findings

1. LiDAR-ultrasonic  fusion  greatly
improved canopy height accuracy,
reducing RMSE from 0.184 m with the
use of an ultrasonic sensor in isolation
to 0.072 m following full fusion and
NDVI correction.

2. The filter
learning residual correction greatly
reduce ultrasonic bias and noise.

3. The application of NDVI reduced
errors further by approximately 10-
15% in dense canopy zones, where the
performance of the ultrasonic sensors
normally degrades.

4. Canopy volume estimates were highly
accurate, with an average error of only
~4.8% compared to LiDAR-derived
ground truth.

5. Prescription maps correctly responded
to canopy variability, with higher flow
rates across dense vegetation and
lower rates across sparser areas.

6. Variable-rate spraying realized a
pesticide saving of about 23.5% while
maintaining or spray
coverage uniformity.

7. Real-time processing was achieved for
UAV operational needs, and fusion
output >10 Hz was obtained, which
suits the flight speeds of 3—4 m/s.

8. The system proved that lightweight
multi-sensor fusion can  be
successfully applied on small UAVs,

Kalman and machine

improving
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and it is a practical solution for
precision spraying in orchard and
vineyard environments.

1. Scientific Contributions

2. A lightweight UAV-ready LiDAR-
ultrasonic fusion system contributes to

highly = improved  canopy-height
accuracy.
3. It introduced a real-time fusion

pipeline including Kalman filtering,
ML residual correction, and NDVI-
based refinement.

4. The system wused an
ultrasonic  calibration

advanced

technique,
containing echo-energy normalization
and vegetation index support.

5. Accurate canopy volume estimates
helped in the creation of precise
prescription maps.

6. Conducted effective
spraying that allowed tremendous
savings in pesticides with improved

variable-rate

coverages.
6.CONCLUSION AND FUTURE WORKS

This study demonstrated how lightweight
LiDAR can be combined with ultrasonic
sensing in a practical and real-time fashion for
UAV canopy profiling. The accompanying
fusion pipeline-underpinned by Kalman
filtering, machine-learning residual correction,
and NDVI refinement-substantially improved
the accuracy of canopy height estimates while
providing reliable estimates of canopy
volume. Improved measurements further
allowed for effective variable-rate spraying,
which yielded meaningful pesticide savings
without affecting coverage. The suggested
system generally represents an appropriate
and efficient platform for precision spraying in
orchards, vineyards, and row crops.

Future Work

1. Conduct full field trials with actual

flights of UAVs with LiDAR,
ultrasonic, NDVI, and spraying
modules.

2. Other sensors, such as mmWave radar
or lightweight multispectral cameras,
may be added to improve robustness.
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3. Design adaptive fusion models
responding to canopy density, wind,
and flight conditions.

4. Investigate multi-UAV cooperation to
complete shared mapping and

coordinated spraying.
5. Implement real-time closed-loop

spraying with nozzle feedback and

coverage monitoring.
6. Perform further

hardware to reduce payload and

optimization of

power consumption, enabling longer
flight times.
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