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Abstract: LIDAR sensors have great potential for enabling crop recognition (e.g., plant height, canopy
area, plant spacing, and intra-row spacing measurements) and the recognition of agricultural working
environments (e.g., field boundaries, ridges, and obstacles) using agricultural field machinery. The
objective of this study was to review the use of LiDAR sensors in the agricultural field for the
recognition of crops and agricultural working environments. This study also highlights LiDAR sensor
testing procedures, focusing on critical parameters, industry standards, and accuracy benchmarks;
it evaluates the specifications of various commercially available LiIDAR sensors with applications
for plant feature characterization and highlights the importance of mounting LiDAR technology
on agricultural machinery for effective recognition of crops and working environments. Different
studies have shown promising results of crop feature characterization using an airborne LiDAR,
such as coefficient of determination (R%) and root-mean-square error (RMSE) values of 0.97 and
0.05 m for wheat, 0.88 and 5.2 cm for sugar beet, and 0.50 and 12 cm for potato plant height
estimation, respectively. A relative error of 11.83% was observed between sensor and manual
measurements, with the highest distribution correlation at 0.675 and an average relative error of
5.14% during soybean canopy estimation using LiDAR. An object detection accuracy of 100% was
found for plant identification using three LiDAR scanning methods: center of the cluster, lowest
point, and stem—ground intersection. LiDAR was also shown to effectively detect ridges, field
boundaries, and obstacles, which is necessary for precision agriculture and autonomous agricultural
machinery navigation. Future directions for LIDAR applications in agriculture emphasize the need for
continuous advancements in sensor technology, along with the integration of complementary systems
and algorithms, such as machine learning, to improve performance and accuracy in agricultural field
applications. A strategic framework for implementing LiDAR technology in agriculture includes
recommendations for precise testing, solutions for current limitations, and guidance on integrating

LiDAR with other technologies to enhance digital agriculture.

Keywords: digital agriculture; LiDAR sensor; agricultural field machinery; crop recognition;

agricultural working environment

1. Introduction

Agriculture is one of the most important sectors of the global economy, providing food,
raw materials, and employment to millions of people worldwide [1]. As the global popula-
tion continues to grow, the demand for agricultural products has increased, necessitating
advancements in technology to increase productivity, enhance sustainability, and ensure
food security [2-4]. Among the many technologies being explored, Light Detection and
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Ranging (LiDAR) has emerged as a promising tool for various applications in agriculture,
particularly in crop and working environment recognition [5]. The precision, accuracy, and
versatility of LIDAR make it a valuable resource for enhancing decision-making processes,
optimizing resource management, and enabling automation in agricultural practices [5,6].

LiDAR technology, originally developed for geological and military applications, has
gained substantial attention in the agricultural sector in recent years [7-10]. LIDAR is a re-
mote sensing technology that works by emitting laser pulses and measuring the time taken
for those pulses to reflect back after hitting objects [11-14]. The time-of-flight (ToF) data are
used to generate highly accurate three-dimensional (3D) maps of the environment by peri-
odically emitting pulses of light, detecting the resulting collisions, and building a detailed
map of the environment for enabling a wide range of agricultural applications [15,16]. A
LiDAR sensor typically uses multiple laser pulses, which directly impacts the performance
of the sensor in terms of data resolution, accuracy, and scanning efficiency. Key factors such
as operational range, error estimation, and scanning frequency also play critical roles in
determining the effectiveness of the sensor, where higher pulse rates improve the detail
and density of the point cloud data but may also increase computational demands and
sensitivity to noise or interference, particularly in dense or complex environments [14,17].
LiDAR is an active sensor with a laser that emits light pulses, which can be used alongside
Global Positioning System (GPS) receivers to provide precise geospatial location data, with
the reflected light data processed and stored as spatial coordinates to form a point cloud
representing the 3D structure of the scanned environment [5,16]. The precision, range, and
detailed point cloud data make LiDAR invaluable in agriculture, forestry, and autonomous
systems, especially in challenging environments such as low-light conditions [5]. The ability
to capture detailed surface structures enables high-resolution maps and models, supporting
precision, efficiency, and automation in modern agricultural technology [5,12]. LiDAR
sensors are independent of ambient light, generating their own laser pulses, allowing for ef-
fective use both day and night, as well as in various weather conditions, such as cloud cover
or shade [18]. In contrast, sensors such as RGB (red, green, blue) and multispectral cameras
rely on sunlight and are susceptible to lighting variations, which can lead to errors in plant
feature measurements. Moreover, LiDAR sensors provide millimeter—centimeter-level
accuracy, making them ideal for measuring small variations in plant height and canopy
density [6,19]. This precision surpasses that of ultrasonic sensors and RGB cameras, which
are less effective for structural measurements. For predicting crop yields and monitoring
plant size, this accuracy is essential. LIDAR can also penetrate dense canopies, capturing
both upper and lower plant structures, which multispectral or RGB cameras may miss [20].
This capability allows for detailed analysis of canopy structure, leaf area index (LAI), and
growth, offering valuable insights into plant health and growth dynamics. These data can
be used to develop predictive models for yield estimation, nutrient requirements, and pest
management strategies.

Technological advancements in agriculture over the past decade have been driven
by the need for precision farming to optimize inputs and minimize environmental im-
pact [21,22]. As sustainable farming practices and climate change awareness grow, smart
farming technologies, including LiDAR, are increasingly being adopted. In agriculture,
the application of LiDAR sensors in crop and working environment recognition goes be-
yond mere mapping. In crop management, LiDAR is being used to assess plant structural
features such as height, spacing, row distances, canopy volume, and canopy structure
analysis, as well as to estimate biomass and even detect diseases [5,6,23-30]. In tree crops
and vineyards, LiDAR data can be employed to analyze canopy structure, which directly
impacts sunlight distribution, water usage, and overall plant health [31-33]. Additionally,
the high-resolution 3D data captured by LiDAR sensors are increasingly being integrated
into machine learning algorithms, enabling autonomous vehicles and drones to navigate
complex agricultural environments with minimal human intervention [34,35]. This en-
hances not only the efficiency but also the safety of farm operations, as it allows for accurate,
real-time recognition of obstacles, terrain changes, and crop variations.



Remote Sens. 2024, 16, 4623

30f25

The precision offered by LiDAR is particularly beneficial for addressing the challenges
of heterogeneous farm environments, where variations in soil composition, topography,
and microclimate can significantly impact crops” health and yield [5,6,34]. Traditional
farming methods often rely on uniform treatment of entire fields, which can lead to overuse
of resources in some areas and underuse in others. By providing detailed information
on field variability, LIDAR sensors enable precision farming techniques such as variable
rate application, where inputs are applied based on the specific needs of different areas
within a field. This leads to better resource efficiency, reduced waste, and improved
crop performance.

In the working environment, LiDAR sensors are proving invaluable for autonomous
machinery and robotics in agriculture. As farms move toward automation, the need for
machinery to safely and efficiently navigate through fields becomes paramount. LiDAR
provides the high-resolution spatial data required for autonomous systems to detect field
boundaries, ridges and furrows, and topographical obstacles, as well as to map terrain
and make real-time decisions about navigation paths [35-40]. This is particularly useful
in large-scale farming operations, where the sheer size of fields makes manual navigation
impractical and inefficient. For crop phenotyping and field scouting, LIDAR sensors are
highly reliable due to their low failure rates and high accuracy [41]. Moreover, LIDAR can be
used to create digital twins of farm environments, providing farmers with a virtual replica
of their fields for planning and monitoring purposes [42,43]. LIDAR sensors are essential in
robotics and autonomous systems for providing real-time, high-resolution spatial data. This
makes these sensors ideal for farming robots and drones to navigate fields, avoid obstacles,
and perform precise tasks such as weeding, harvesting, and topographical mapping [38].

Unlike ultrasonic or ToF sensors, such as radar or sonar, which offer less detail and
range, LIDAR enhances the effectiveness of automation in agriculture. LiDAR can map
not only plants or crops but also their surrounding environments, such as ridges, field
boundaries, and soil surfaces, making it a comprehensive tool [16]; it captures land to-
pography, helping identify features that affect planting efficiency. Unlike sensors such as
hyperspectral or RGB cameras, which capture surface features, LIDAR integrates both plant
and environmental data, offering an integrated view for optimizing farm management.
LiDAR collects data in real-time, enabling immediate analysis of plant features during field
operations, which is crucial for dynamic decision-making in precision agriculture [44]. In
contrast, many other sensors, such as those relying on post-processing (e.g., photogramme-
try), cannot provide the same immediacy in data availability [5,6]. LIDAR can be mounted
on various platforms, from handheld devices and ground vehicles to drones and airplanes,
making it scalable for different farm sizes and applications, with large coverage areas and
3D structural details [23,26,45]. One of the primary challenges faced in crop management is
the accurate recognition and classification of plant species and their growth stages [46,47].
Traditionally, visual inspection and manual measurements have been the primary methods
for assessing crops’ health and development. However, these methods are time-consuming,
labor-intensive, and prone to human error [48-50].

The integration of LiDAR data with other remote sensing technologies further en-
hances its potential for crop and working environment recognition. Integrating LIDAR with
multispectral or hyperspectral imaging enhances this recognition [51]. While multispectral
cameras can capture plant health indicators such as chlorophyll content, LIDAR provides
structural data [51,52]. Integration offers a more comprehensive understanding of crop
conditions, enabling early intervention and targeted treatments to address stress, disease,
and nutrient deficiencies.

Despite its many advantages, the adoption of LIDAR technology in agriculture faces
challenges. LiDAR’s performance can be affected by several challenges, including complex
plant structures, occlusion, resolution and accuracy limitations, and plant movement due to
wind during data collection. Additionally, moisture, dust, or debris can scatter laser beams,
introducing noise [23,26]. Uneven terrain and plant-to-plant variability further complicate
distinguishing plants from their environment, making accurate feature characterization
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more difficult [53]. LIDAR generates a large volume of data in agricultural applications.
The high-resolution point clouds require substantial computational power and storage for
processing and analysis. The high cost of sensors and the complexity of data processing
are often cited as obstacles to the widespread use of LiDAR, particularly for small and
medium-sized farms [5]. However, advancements in sensor technology and the growing
availability of cloud-based data processing platforms are helping to reduce these barriers.
Furthermore, as technology matures and becomes more accessible, it is expected that the
cost of LIDAR sensors will continue to decrease, making them a viable option for a broader
range of agricultural applications.

LiDAR holds significant potential for advancing smart and digital agriculture. The
labor-intensive nature of traditional farming, labor shortages, and the migration of young
workers to other sectors make LiDAR a viable solution. The use of LiDAR in agricul-
tural machinery has grown in response to these challenges, showing promise in crop
recognition and operational environment detection. Therefore, this review aimed to ex-
plore the application of LiDAR in agriculture, focusing on crop and agricultural working
environment recognition.

2. LiDAR Sensor Classification and Applications in Agriculture

Studies in the literature highlight four LIDAR-based scanning systems: ground LiDAR
scanning (GLS), stationary LiDAR scanning (SLS), airborne LiDAR scanning (ALS), and
mobile LiDAR scanning (MLS) [54]. According to the scanning angle, LIiDAR is mainly
classified into two classes: airborne and terrestrial and LiDAR [55,56]. Based on typical
operations, terrestrial LIDAR systems often perform horizontal scanning with a 360°
field of view. Depending on the system, the scanning may be one-dimensional (1D),
capturing distances along a single axis, or two-dimensional (2D), where horizontal scanning
is combined with vertical angular movements to capture a plane of data. Airborne LiDAR
scans the objects/areas downward, with a vertical scanning angle of 180°; it is typically
mounted on aircraft or drones, emitting lasers toward the ground, which are reflected and
returned to the LiDAR for creating accurate 3D terrain maps that are often integrated with
other remote sensing technologies [57]. Airborne LiDAR is subclassified into bathymetric
and topographic LiIDAR. Bathymetric LIDAR is used near coastlines, shores, and banks to
measure underwater elevation and water depth simultaneously [56]. Topographic LiDAR,
typically deployed on airborne systems, is used for large-scale applications such as forestry,
landscape assessment, urban planning, and crop monitoring [16,45,56,58-63]. Terrestrial
LiDAR, on the other hand, includes mobile and static types. Mobile terrestrial LiDAR,
which operates from ground vehicles or handheld platforms, shares some applications with
topographic LiDAR, such as landscape and infrastructure analysis, but is primarily suited
for detailed mapping of road signs, light poles, and other urban features [64,65]. Static
terrestrial LIDAR is primarily used for engineering surveys and fixed-point measurements,
and both types of terrestrial LIDAR are applied in agriculture for assessing landscapes,
estimating leaf area, predicting crop biomass, and detecting weeds [58,66-70]. Figure 1
shows a detailed classification of LiDAR sensors, along with their various applications
in agriculture.

LiDAR sensors have a wide range of uses in agriculture. They are widely used in
agricultural models such as digital elevation models (DEMs), digital terrain models (DTMs),
and digital surface models (DSMs) [16,71]. LiDAR is being used for crop classification,
inspection of crop viability, crop mapping, cloud profiling, collision avoidance, obstacle
detection in autonomous traveling, and soil resource conservation in agriculture [72-74].
LiDAR sensors are important in agriculture for crop recognition and working environment
detection, which enhance input efficiency, productivity, and safety, with LiDAR-equipped
tractors using 3D data for obstacle detection and object classification [55,57].

LiDAR has seen widespread utilization in agricultural field machinery [75-78], object
detection [79-82], and high-throughput crop phenotyping [83-86]. Several studies have
demonstrated LiDAR applications in agricultural working environments using various
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platforms, such as robots [81], tractors [80], speed sprayers [87], and the AgRob V16
agricultural robotic platform [76]. Airborne platforms are used to estimate the crown
structure of trees using both waveform and discrete return recordings, which are techniques
used in forestry, agriculture, and environmental management [27]. Several parameters,
including tree height, crown size, shape, and volume, have been measured using LiDAR;
it has been used for the segmentation and reconstruction of plant parts, as well as the
detection and quantification of fruits [79,80]. ALS is used for estimating plant height [88,89]
and soil properties [90,91], as well as for monitoring tree health [92,93]. TLS and MLS offer
higher spatial resolution, provide more detailed crop characterization [24], and are popular
for various agricultural applications. Table 1 illustrates the classification of LIDAR sensors
with several applications in agriculture.

Li?AR

l I

Airborne Terrestrial

l

Topographic

Applications
Growth estimation

Landscape and topography

| |
| I |

Bathymetric Mobile LiDAR Static LIDAR
Applications Applications Applications
Recognition of coastlines Yield prediction Engineering survey

Shores and banks detection LAl and canopy volume Fixed-point measurement

Damage detection Underwater elevation measurement  Weed and crop detection Landscape
water depth Biomass estimation Estimating leaf area
Land scape and topography Predicting crop biomass
Spray drift measurement Detecting weeds
Phenotype characterization
Agricultural working environment
Field robot navigation
Figure 1. Schematic diagram of LiDAR sensor classification and their applications in agriculture.
Table 1. Common uses of different types of LIDAR systems in agricultural applications.
Specifications
LiDAR Application Model Operating Scanning Reference
Error (m)
Range (m) Frequency (Hz)
Plant health VLP-16 100 30 20 [90]
monitoring RIEGL VUX-1UAV 1.5-1415 5-10 1200 [91]
VLP-16 100 30 5-20 [87]
Plant height LMS511-10100 PRO 40 6-14 25-100 [27]
ALS monitoring RIEGL VUX-1UAV 1.5-1415 5-10 1200 [93]
HDL-32 80-100 20 5-20 [24]
Yield estimation VLP-16 Puck-Lite 100 30 5-20 [94]
Tree detection VLP-16 100 30 5-20 [95]
Dry matter LMS400 PRO 3 3 300-500 [96]
FARO Focus X330 30-330 2 97 [97]
ii‘:lthoi?:h VLP-16 Puck 100 30 5-20 [98]
J LMS111 20 12 25-50 [99]
Canopy structure LMS400-2000 3 3 300-500 [92]
TLS and estimation

MLS Plant growth LMS511 PRO SR 80 6-14 25-100 [100]
Volume estimation UTM-30LX-EW 30 30-50 40 [101]
Yield estimation LMS400 PRO 3 3 300-500 [102]
Tree structure RIEGL VZ-400 V 5-1000 10-15 30-300 [103]
dieitization LMS111 20 12 25-50 [104]
& UTM-30LX 30 30-50 40 [105]




Remote Sens. 2024, 16, 4623

6 of 25

3. Crop Feature Recognition

Accurate crop characterization and recognition of plant features are essential for
monitoring plant growth and implementing precise management practices in crop pro-
duction [106]. LiDAR technology captures detailed information about plant structure,
including height, canopy area and volume, and crop spacing, allowing for precise iden-
tification and monitoring of crop health issues such as diseases or nutrient deficiencies
and enabling farmers to make decisions about irrigation management [107]. Crop char-
acterization is a key process in precision agriculture but remains challenging due to the
unstructured field environment and the diversity of crops and plants. Despite these chal-
lenges, LiDAR technology has become widely used in agriculture, particularly for crop
recognition applications.

3.1. Plant Height Measurement

Plant height significantly impacts agricultural outcomes, particularly grain yield traits.
Traditional methods relied on indirect methods such as geometric formulae and handheld
laser rangefinders, as shown in Figure 2, which are time-intensive and costly. LiDAR-
estimated data, compared to conventional measured data using Equation (1), proved
efficient and reliable for plant height measurement [66,108-111].

H = A+ B = D(tanf + tan®) (1)

where H is the estimated total height of the tree (m), D is the distance from the viewpoint
to base (m), B is the height of the crown from the base (m), ® is the angle to the top of the
tree (°), 0 is the angle to the bottom of the tree (°), and A is the length of the crown (m).

Length of crown, A

Tree height, H

View-point

Base

Figure 2. Conventional tree height measurement in the field using trigonometric principles.

LiDAR is widely used in precision agriculture for 3D plant structure measurement.
Testing LiDAR in wheat fields showed strong correlations with canopy height, achieving an
R? of 0.99 and RMSE of 0.017 m [108,112]. Density-based spatial clustering of applications
with noise (DBSCAN)), a data clustering algorithm, the sample consensus initial alignment
(SCA_IA) algorithm to sample a large number of candidate correspondences, the iterative
closest point (ICP) algorithm, and a point cloud library were used for efficient LIDAR data
processing [113]. LiDAR can deliver data more efficiently than other sensors for crop phe-
notype characterization [114]. Another study assessed plant height, plant crown diameter,
and panicle height and diameter. The R? values for these features were 0.83, 0.94, 0.90,
and 0.90, respectively, with root-mean-square errors (RMSEs) of 6.8 cm, 1.82 ¢cm, 5.7 mm,
and 7.8 mm, respectively. The findings demonstrated a strong correlation between the
point cloud data and manually collected measurements for plant feature characterization,
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suggesting that the 3D LiDAR system enabled the quick and accurate measurement of
sorghum plants’ features [115].

High spatial resolution, minimal beam divergence, and adaptability to ambient light
conditions have made LiDAR a widely accepted sensor for 3D plant structure recon-
struction [59,65,66]; it can efficiently construct geometric maps of vegetation and canopy
structures, providing realistic aboveground plant models using technologies such as time
of flight (ToF). LIDAR has been used in crop analysis, where a crop surface model (CSM)
was developed with a 4% elevation difference to measure crop height [62]. LiDAR has also
been used in agricultural field machinery platforms for the precise estimation of plant and
tree heights [116-120]. Statistical models are used to combine LiDAR scanning frequencies
of crop density and spike number, while CSMs and DTMs are used to determine plant
height by subtracting the values [58]. Airborne LiDAR can process data to create corn-
field height maps and effectively measure plant height by assessing differences in image
points [64]. For rice plants, LIDAR acquired 3D point cloud data, determining height as
the difference between the top and bottom positions [63,121,122]. In wheat fields, LIDAR
demonstrated strong correlations with canopy height, achieving an R? of 0.99 and an RMSE
of 0.017 m [108,112].

A 2D LiDAR mounted on a high-clearance tractor measured cotton plant height with
98% accuracy and an RMSE of 65 mm, using a 0.5° angular resolution during the tree
scanning [123]. LiDAR was also integrated with the “Phenomobile” platform for wheat
height estimation and compared with RGB and normalized difference vegetation index
(NDVI) data [108]. LiIDAR was used to measure plant height and canopy density with a
single scan [124]. In field conditions, LIDAR mounted on a tractor provided satisfactory
height measurement results for wheat (R? =0.78, RMSE = 3.4 cm), sugar beet (R? =0.70,
RMSE = 7.4 cm), potato (R? = 0.50, RMSE = 12 cm), and cotton (R? = 0.98) [39,108,125-127].
LiDAR was also tested for the precise measurement of canopy structure and height [128].
A least-squares surface fitting algorithm estimated the average crop height of giant mis-
canthus with an average error of 5.08% [119]. Additionally, LIDAR was tested to estimate
the ground surface, and a 3D model for assessing sweet potato growth characteristics
was constructed [120]. A Velodyne HDL64-S3 LiDAR mounted on a mobile robot and
using a robotic operating system (ROS) estimated maize plants” height through point
cloud analysis [113], involving point cloud registration, merging, and single-plant height
computation [115,129], as shown in Figure 3.

Region of interest (ROI)
detection in rows

Mesh of ROl selection
in grids

Point density calculation
in grids

l

Plant height
H= Hmax - Hmin

Assume single plant; divide
into grid area

If points > points yresnoid

Figure 3. Plant height estimation flowchart using a LIDAR sensor mounted on the autonomous
platform.

Airborne LiDAR was tested for measuring wheat, sugar beet, potato, and cotton
plants” height, achieving good results. For wheat plant height estimation, LIDAR provided
results with a root-mean-square error (RMSE) of 0.05 m and an R? of 0.97 [101]. Another
study showed field validation results with r? of 0.99 and root-mean-square error of 0.017 m
for LIDAR measurements in a wheat field [113]. The point cloud-estimated height of
sugar beet plants was compared with measured height in another study, where good
correlations were found between estimated and measured plant height, with R? = 0.88
and RMSE = 5.2 cm [129]. The biomass of several crops was estimated by using the 3-
dimensional profile index (3DPI) algorithm [127], where crop height was determined by
averaging the heights of the highest points within each square meter. The LiDAR 3D
point cloud was segmented into layers, and the fraction of points within each layer was
calculated with respect to the total number of points. The fractions were then summed,
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and the resulting 3DPI values were correlated with biomass using a linear function. The
3DPI algorithm performed well in estimating biomass for sugar beet, with R?> = 0.68
and RMSE = 17.47 gm_2 [127], while for winter wheat the values were R? = 0.82 and
RMSE = 13.94 gm~2 [127]. Similarly, the height estimates were accurate for sugar beet, with
R? = 0.70 and RMSE = 7.4 cm, and for wheat, with R% = 0.78 and RMSE = 3.4 cm. However,
for potatoes, the plant height estimates were less reliable (R? = 0.50 and RMSE = 12 cm),
likely due to the complex canopy structure and the ridged terrain where the potatoes were
grown [127]. In a lab test, individual cotton plants were scanned with LiDAR at an angular
resolution of 0.5°, yielding an R? value of 1.00 and an RMSE of 3.46 mm when compared
to manual measurements. In field tests using the same angular resolution, the combined
LiDAR-HTP system achieved an average R? value of 0.98 and an RMSE of 65 mm for
estimating the cotton plant’s height, also in comparison to manual measurements [53].

3.2. Canopy Area and Volume Measurements

Tree canopy measurement can characterize the tree structure [130-134] and is essential
for determining growth and photosynthesis [135]. For tree canopy measurement, terrestrial
LiDAR achieved an R? of 0.77 for canopy volume-yield correlation [136], and a mobile
3D LiDAR reported correlations of 0.81 and 0.51 for manual and automatic measurements
of apple trees and grapevines [137], respectively. The voxel grid method proved more
accurate than the convex hull method for canopy measurement [87,98]. Additionally,
an alpha shape technique applied to a generated 3D tree shape was more effective than
the convex method, avoiding overestimation [138]. Several voxel grid approaches, such
as convex hull, segmented convex hull, cylinder-based modeling techniques, and a 3D
occupancy grid approach, were used for apple tree canopy measurement. Among these
approaches, the segmented convex hull method showed 42% greater accuracy than the
convex hull method, and the 3D occupancy grid approach closely matched the actual
template volume during canopy measurement [138,139].

A LiDAR sensor on a tractor, alongside a monocular vision system, was used to
estimate plum tree canopy cover [140]. Voxel grid approaches were applied for tree canopy
area measurement [141]. LiDAR sensors have been widely used for sensor-based research
in tree canopy area measurement [88,98]. A 2D terrestrial LIDAR was tested for estimating
key structural and geometric characteristics of plant canopies [142]. LIDAR has emerged
as a preferred system for canopy volume calculations due to its accuracy, speed, and
versatility [143]. A LiDAR sensor using the ToF principle effectively measured the canopy
area [100]. A LiDAR mounted on a tractor was used in vineyards and apple orchards
for distance measurement, with commercial software handling the data acquisition and
processing [101]. The tractor operated at speeds of 1-2 kmh~1, and the sensor demonstrated
accuracy within £15 mm, with a standard deviation of 5 mm, at distances up to 8 m and
angular resolutions of 1°, 0.5°, and 0.25°. Another study measured the canopy volume
of apple and pear orchards using both LiDAR and manual methods, showing a strong
correlation [144]. Additionally, LIDAR was used to measure soybean canopy, where the
mean shift algorithm was employed to extract individual plants [145]. The study reported
a relative error of 11.83% between sensor and manual measurements, with a highest
distribution correlation of 0.675 and an average relative error of 5.14%.

Airborne LiDAR, known for its efficiency and cost-effectiveness in large-scale data
acquisition, utilized the canopy height model (CHM) to measure canopy height and distin-
guish individual trees [145]. A CHM was produced by interpolating first-return LiDAR
data normalized by a DTM. LiDAR has proven to be the most accurate method for assessing
canopy features, offering reliable canopy area estimations in numerous studies. However,
CHMs have limitations, such as difficulties with crown shape and tree overlaps, which
complicate frequent height estimation and lead to surface errors [145].
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3.3. Crop Spacing Measurement

LiDAR sensors are highly regarded for ground-based research, particularly for locat-
ing and classifying plants [145]. Widely used in various agricultural applications, these
sensors have been used for tasks such as 3D tree representation for precise pesticide ap-
plications [145,146] and plant location in the field [147]. LiDAR has been tested in field
conditions, projecting cloud points within the region of interest (ROI) and measuring row
spacing by clustering 3D point cloud data [113]. Data processing algorithms, including
scan registration and stalk recognition, were applied to enhance the LiDAR data, reduc-
ing misidentification errors and achieving a 5.5% plant counting error with an RMSE of
1.9 cm. Spacing measurements were compared to manual ground-truth data for valida-
tion [113,147].

These sensors provide rapid distance measurements along a line at high scanning
rates [148]. The distance to target objects can be determined based on laser beam trans-
mission and reception times, as shown in Figure 4. Three types of optical sensors, includ-
ing LiDAR and an RGB camera, were tested for plant distance measurement, achieving
an accuracy of 90% at distances of 880 nm and 905 nm [53]. Three LiDAR scanning
methods—center of the cluster, lowest point, and stem—ground intersection—were used
for plant detection, achieving 100% object detection accuracy and 3-21% plant detection
accuracy [103]. Table 2 provides a summary of various studies and applications of these
sensors in crop recognition.

| o°

Blin¢ arca
e —135{’I
135° Start point
End point

Figure 4. LiDAR sensor detection range diagram for distance measurement of target.

Table 2. Summary of crop recognition applications using different LIDAR sensors.

Parameters Crops Methods/Algorithms Conditions References
Shortest-distance
Rice, cotton, wheat, measurement (SDM),
Plant height sugar beet, potato, 3D reconstruction, Field/ [66,89,108—
sweet least-squares (LS) laboratory 112,114,116,118,119,136,147]
potato, maize surface fitting, CHM,
3D PCD map
Three-dimensional (3D)
plant surface
Canopy Rice, wheat, potato, reconstruction (PSR),
volume maize, sugar beet, multi-temporal method Field [114,135,139,142,143,145,149]
cotton (MTM), convex hull,
voxel grid, RANSAC
and DBSCAN
Plant/tree distance ~ Ma12& rice, wheat, Shortest-distance Field [142,143,146-148,150,151]

orchard trees

measurement (SDM)
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4. Working Environment Feature Recognition

LiDAR is increasingly used in agriculture for working environment recognition, play-
ing a crucial role in enhancing the efficiency and safety of field operations. By emitting laser
pulses and capturing detailed 3D spatial data, LIDAR enables precise mapping of farm en-
vironments, including obstacles, terrain variations, and machinery pathways [54,57]. These
data are essential for autonomous machinery such as tractors and drones, which rely on
them for navigation, obstacle avoidance, and real-time decision-making. In addition to ma-
chinery navigation, LIDAR assists in identifying field boundaries, ridges, and soil surfaces,
making it a valuable tool for optimizing land management and resource allocation [152,153];
it can detect uneven terrain, assess field conditions, and ensure safe machinery operation,
reducing the risk of accidents and improving workflow efficiency [153,154].

4.1. Field Boundary and Ridge Detection

A 3D LiDAR was tested for ground modeling and object recognition using agricultural
field machinery, utilizing a voxel grid model combined with discriminative analysis for
recognizing static and moving objects [155]. The system efficiently estimated ground
surfaces through plane fitting, employing the Random Sample Consensus (RANSAC)
algorithm for improved accuracy and robustness. These sensors can precisely detect field
boundaries, which is crucial for guiding autonomous agricultural machinery and ensuring
smooth operations [155]. This type of sensor is also used to detect static and dynamic
obstacles, such as ridges and furrows, in order to ensure safe and effective field operations
for autonomous agricultural machinery [72].

A 3D LiDAR was tested for obstacle detection and tracking using point cloud data [72].
The data were processed and clustered with a proposed algorithm, with static obstacles
detected through multi-frame fusion and enhanced tracking models. Moving obstacles
were tracked using a dynamic tracking point model and a Kalman filter. A LiDAR was
tested on an autonomous vehicle, demonstrating that its 3D data accurately represented
the environment [156]. In another study, three representation techniques were evaluated:
point clouds, feature-based, and grid-based [148]. While point clouds provided high
accuracy, they required significant memory and processing power [156]. The feature-based
approach relied on recognizable features such as lines, edges, and surfaces [157-159],
while the grid-based method divided the area into cells, offering a more memory-efficient
and user-friendly solution for sensor data representation in autonomous vehicles [148].
Certain spurious items, such as vegetation and other kinds of clutter, can be more easily
recognized and deleted using 3D data, which is one advantage of using LiDAR reference
data over ortho-rectified or oblique imagery. In contrast, handling the change in viewpoint
and addressing various modalities is necessary when matching imagery to aerial LiDAR.
However, it takes longer processing times to recover 3D information from imagery, and
the uniformity of the 3D point clouds obtained is not guaranteed because of the lack
of texture and detail in large regions. Using stereo methods to recover 3D data from
imagery can potentially provide accurate, textured 3D data [160]. LiDAR-derived 3D
object detection algorithms are divided into three categories: projection, voxel, and point-
based methods. These algorithms have certain limitations. For instance, the view projection
algorithm inherently leads to a loss of depth information during projection, as the perceived
size of objects depends on their distance from the scanner. Furthermore, objects may
become partially or fully occluded in the front view (FV) map, complicating accurate
representation. For bird’s-eye view (BEV) projection point cloud representation, there are
also some limitations, such as small effective areas and sparse representation in BEV maps.
Another limitation of BEV projection algorithms is handling occlusion in vertical space,
such as handling objects with few points after BEV projection and hand-crafted height
features, which may cause information loss with the accumulation of height prediction
errors by ground plane fluctuations. The voxel-based view presentation algorithm has
information loss limitations during voxelization due to having multiple points in one voxel
during the merging. Moreover, the computational cost and cubic memory increase during
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the voxel revolution, making voxel-based model training infeasible with high-resolution
inputs. Similarly, the point-set algorithm of point cloud representation has limitations of
random memory access for feature generation according to the point [161].

Ridge detection in agriculture using this sensor has been widely researched, demon-
strating its effectiveness in precision agriculture and autonomous farming. With the 360°
field of view, it can comprehensively scan and detect objects such as ridges and field bound-
aries [19]. In autonomous agricultural machines, its 3D mapping capabilities allow for the
accurate detection of crop ridges. Using a laser light for topographic mapping provides
detailed terrain representation [162,163]. Ridge detection involves identifying ridge lines
from point cloud data, which is commonly used in geospatial applications such as terrain
mapping and slope analysis. This process includes filtering point cloud data to separate
ground from non-ground points [164,165].

Algorithms such as ridge extraction have been applied to LiDAR data to extract
ridgelines in order to create digital representations of terrain ridges for further analysis
and mapping [166]. This measures distances with laser pulses, generating 3D point clouds
for precise ridge location [167]. The application of LiDAR in challenging environments
involves mapping, noise filtering, and machine learning techniques to detect ridges from
the point cloud [168]. This technique identifies elevated ridges by creating a 3D point cloud
and extracting ridges as separate objects by focusing on the highest points [167]. LIDAR
point cloud data have been combined with different machine learning algorithms, such as
Random Forest (RF) and Support Vector Machines (SVMs), which can be utilized to classify
ridges and furrows accurately or to detect vegetation, roads, and buildings [169]. For
ridge extraction, the point cloud data of this sensor were converted into 2D images using
morphological operations and edge detection algorithms, which demonstrated success
across various terrain and crop types [170]. Recent advancements include the use of deep
learning methods, particularly convolutional neural networks (CNNs), which improved
the accuracy and efficiency of ridge classification compared to traditional machine learning
approaches [171]. However, the widespread adoption of this sensor for ridge detection
remains dependent on cost, accessibility, and quality data acquisition through proper
testing, as it requires specialized equipment.

4.2. Obstacle Detection

Increasing obstacle density in agricultural field environments presents significant
challenges for existing tracking methods. Obstacle detection in agricultural fields is very
important for navigation and agricultural operations using agricultural field machinery, es-
pecially for autonomous field machines [172-174]. Agricultural environments are complex
and unstructured, with four common types of obstacles: positive obstacles (e.g., trees and
poles), negative obstacles (e.g., holes and ditches), moving obstacles (e.g., vehicles and peo-
ple), and difficult terrain (e.g., slopes and water) [175]. Moreover, obstacle characteristics
vary based on crop type, landscape curvature, and other factors, and current agricultural
vehicles struggle with accurate detection [175].

LiDAR technology offers a solution by providing real-time obstacle detection in these
challenging environments. However, obstacles in agricultural fields, such as moving
tools and pedestrians, complicate detection and affect decision-making, increasing the
risk of uneven operations and collisions [167,176]. While this 3D sensor has been adopted
to address these challenges, current methods often lack precision and affect real-time
performance [165,175-178]. Advancing this high-precision, sensor-based detection is crucial
for improving intelligent agricultural machinery. This sensor, which consists of a laser
transmitter, a laser diode (LD), an avalanche photodiode (APD), a time-to-digital converter
(TDC), and signal processing units, can estimate the exact distance of obstacles in real-time,
as shown in Figure 5a,b.
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Figure 5. Transmission and reflection of laser from a LiDAR sensor during obstacle detection:
(a) distance measurement; (b) LIDAR sensor components associated with laser transmission and
reflection for the measurement of distance.

Despite the existence of various methods and algorithms for object recognition, sev-
eral limitations remain. A LiDAR system tested under variable conditions and field en-
vironments used multiple feature extraction methods, such as average height, density,
discontinuity, and connectivity, achieving a 72.4% detection rate with the average height
method, while the connectivity method only achieved an 18% detection rate [179]. LIDAR-
based obstacle detection typically uses two methods: point cloud clustering and deep
learning [73]. Challenges arise from the non-uniform distribution of point clouds, which
affects clustering accuracy, and earlier approaches struggled with under-segmentation
due to fixed thresholds [173,180,181]. Therefore, several improved algorithms, such as
enhancements of the DBSCAN and K-nearest neighbors approach, aimed to tackle under-
segmentation but faced challenges with accuracy and real-time performance [180,182].
Recent advancements integrating deep learning techniques such as PointNet, PointPillars,
and PointConv aim to improve both accuracy and real-time performance in LiDAR-based
obstacle detection [176,183,184].

LiDAR-based obstacle tracking involves two key stages: obstacle data association
and obstacle motion state estimation [185]. Muresan et al. [186] used Euclidean distance
for data association by computing overlapping regions, while a graph neural network
(GNN)-based multi-feature association method improved accuracy but required extensive
target knowledge and had high computational demands [85,180]. For motion state estima-
tion, Kalman and extended Kalman filters (EKFs) were applied for multi-target position
estimation [187,188]. Convolutional neural network (CNN), multiple hypothesis (MH), and
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extended Kalman filter (EKF) methods were used for obstacle detection, data association,
and vehicle pose estimation, but accuracy issues persisted [189,190].

To improve agricultural machinery operations, a grid-based obstacle detection and
tracking method was proposed [73], showing a 4.86% improvement in detection accuracy
and a 47.8% reduction in processing time compared to DBSCAN, with less than 5% tracking
error for moving obstacles [73]. A LiDAR mounted on a tractor achieved a detection
rate of 72.4% for the average height method and 18% for the connectivity method [180].
Additionally, Asvadi et al. [72] proposed an environment representation architecture that
estimated ground surfaces and detected static and moving obstacles above ground level, as
illustrated in Figure 6a,b.

(a) Sets of point cloud (b)
(world coordinate system)
< GPS/IMU localization > Ground obstacle separation
Dense point cloud construction 7| Obstacle point separation
1 I Voxelization
Point cloud registration
| > Voxel grid
Py 1
Pre-processing I I Point cloud alignment I

I Discriminative obstacle segmentation I

' v

Moving Stationary

Ground surface estimation with ground parameter E— obstacle obstacle

Figure 6. System architecture: (a) ground surface elimination; (b) detection of static and dynamic
obstacles (modified from [72]).

A study proposed using deep learning for obstacle detection in agricultural envi-
ronments with LiDAR, addressing the limitations of existing methods, which are time-
consuming, labor-intensive, and lack generalization [172]. A LiDAR emitting 16 laser
beams, each providing both distance and reflectivity data, was used with a vertical field of
view of 30° and a horizontal field of view of 360° to detect the agricultural working envi-
ronment [190]. The study used focal voxel R-CNN methods, which significantly improved
the detection of small objects compared to standard voxel R-CNN methods. A method for
ground object detection using a downward-pointing angle on a vehicle-mounted LiDAR
system was proposed, with data processed through the cascade method [191,192]. The 3D
LiDAR predicted height differences to generate an elevation map, introducing three object
recognition principles: voxel within a surface, voxel intersecting two surfaces, and voxel
at the intersection of three non-parallel surfaces. Despite challenges in crop recognition
and obstacle detection, LiDAR sensors showed satisfactory results when mounted on
agricultural machinery. Table 3 summarizes various studies and applications of LIDAR
sensors for agricultural working environment recognition. The ability of LIiDAR to operate
effectively in varying weather and light conditions further enhances its utility for working
environment recognition, as it remains reliable in low-light, fog, or shadowed areas where
other sensors may struggle. Figure 7 shows the schematic diagram of LiDAR usage in
agricultural machinery for field crop scanning.
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Table 3. Summary of agricultural working environment recognition using different LiDAR sensors.
Parameter Crop Method/Algorithm Conditions Accuracy (%) Reference
- Focal voxel R-CNN Farmland 92.89 [172]
environment
Hay, oats, The density and average height Field 49.4;72.4 [173]
soybeans, wheat method
Machine vision systems; the .
Obstacle Corn average height method Field 695 [174]
detection Maize Classification algorithm Field 86.5-88.8 [175]
Trees, bushes ~ Ceomeiry-based classifier (short Field 86.5-88.8 [175]
baseline and long baseline)
Preprocessing for region of
Wheat interest, median filtering, Field 96.67 [193]
DBSCAN clustering
Mainstream filtering algorithm,
Trees digital elevation model (DEM), - 99.2 [168]
digital surface model (DSM)
Euclidean clustering and linear
least-squares line fitting, .
) RANSAC line fitting, furrow Field 86 1371
Ridge recognition algorithm
detection Paddy Digital elevation model (DEM) Field >96 [193]
Filtering of each LiDAR scan,
extraction of candidate points
Cauliflower caused by furrows, furrow Field 90 [194]
selection using spatiotemporal
information of the candidates,
and furrow line selection
1 1
a I g b ! Forward |
( ) &' ( ) : direction |
! \ 1
A Al A
Crops #I : # Crops
Scanning Scanning N\ 1
angle angle f%
Scanning Scanning
angle angle

Tractor

LiDAR

Figure 7.

Forward

. direction

Schematic diagram of application of LIDAR using agricultural machinery: (a) front scanning,

(b) side scanning, and (c) back scanning.
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5. LIDAR Performance Testing Procedures

LiDAR technology has become increasingly vital in agriculture, offering precise, real-
time data for tasks such as crop monitoring, field mapping, and obstacle detection. How-
ever, to ensure the accuracy, reliability, and effectiveness of LiIDAR sensors in diverse
agricultural environments, thorough testing procedures are essential. Agricultural set-
tings present unique challenges, such as varying crop types, uneven terrain, fluctuating
weather conditions, and the presence of both static and dynamic obstacles, such as trees,
furrows, ditches, and machinery. LIDAR sensors must be rigorously evaluated to confirm
their performance in these conditions, ensuring that they meet the demands of precision
agriculture. Testing procedures typically assess parameters such as field of view, angular
resolution, sensor range, and the impact of environmental factors such as sunlight, mois-
ture, and dust [195,196]. Additionally, the testing of LiDAR in agricultural applications
often includes evaluations under dynamic conditions, simulating real-world scenarios
encountered by autonomous farming equipment and machinery. By employing structured
testing methodologies, LIDAR sensors can be optimized for enhanced data accuracy and
operational efficiency, supporting their broader adoption in modern agricultural systems.

Several testing procedures have been proposed in the literature, aiming to evaluate
LiDAR sensors’ performance under dynamic driving conditions, adverse weather, and
varying environmental factors. Proposed methods include unsupervised learning for fea-
ture extraction from point clouds, sensor validation in dynamic scenes, and evaluation in
controlled environments. In tests simulating harsh conditions using real road fleet data
and dynamic test cases, the results showed that environmental factors such as sunlight,
reflectivity, and contamination can degrade LiDAR sensors’ performance [197,198]. LIDAR
test standards are essential to ensure that LIDAR sensors and systems meet the necessary
performance benchmarks to deliver accurate, reliable results across a range of applica-
tions. These standards, developed by national and international organizations, establish
guidelines for the performance, safety, and environmental durability of LIDAR systems.
Summarized in [64,199], some key LiDAR testing standards are outlined:

e  NHTSA Performance Specifications: The National Highway Traffic Safety Adminis-
tration (NHTSA) [200] has established minimum performance specifications and test
procedures for LIDAR devices. These guidelines set a baseline for acceptable LIDAR
performance, particularly for speed measurement devices. These specifications ensure
that LIDAR systems meet the accuracy and reliability standards required for legal and
operational use in monitoring works;

e SPIE Lidar Data Standardization Tests: The International Society for Optical Instru-
ments (SPIE) [201] helped in the standardization of LiDAR data collection, processing,
and analysis. The standardized tests for automotive LIDAR aim to unify the methods
used to evaluate LiDAR performance, ensuring consistency across data collection and
interpretation in the automotive industry. These tests help align global practices in
automotive LiDAR applications;

e  USGS Lidar Base Specification: The U.S. Geological Survey (USGS) [202] has developed
a LiDAR base specification for the production and quality control of LIDAR data. This
specification is widely used within the 3D Elevation Program (3DEP) and serves as
a guide for ensuring the quality, accuracy, and compatibility of LiDAR data across
a wide range of geospatial applications; it covers data processing practices without
dictating specific tools or workflows, allowing flexibility in how data are managed
while maintaining strict quality standards;

e  DIN-SAE Standard for Automotive LiDAR Performance Testing: The German Institute
for Standards (DIN) [203,204] and the Society of Automotive Engineers (SAE) [205]
collaborated to develop standardized guidelines for automotive LiDAR performance
testing. This standard provides uniform specifications for sensor performance, such as
accuracy, range, and field of view, specifically in automotive contexts. These guidelines
ensure that LIDAR sensors used in vehicles meet the requirements for safe and reliable
operation under real-world conditions;
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e  Environmental Testing: Environmental durability is a critical aspect of LIDAR sen-
sor testing, especially for outdoor applications in extreme conditions. Temperature
testing, for instance, evaluates LiDAR devices under operating conditions ranging
from —30 °C (—22 °F) to +60 °C (+140 °F), with relative humidity of up to 90% at
37 °C for extended periods [198,206]. These tests are crucial for ensuring that LIDAR
sensors can function accurately under harsh environmental conditions, including in
agricultural and automotive applications;

e IEC 60529 Test Standard: The IEC 60529 standard [77] sets guidelines for temperature
(15 °C to 35 °C), relative humidity (25% to 75%), and barometric pressure (86 kPa to
106 kPa) in testing LiDAR devices. An International Organization for Standardization
(ISO) working group on LiDAR standardization includes world-leading companies
such as Valeo, Denso, Bosch, Sony, Nissan, Renault, and ZF. This group focuses
on creating global standards for LiDAR technology in automotive and industrial
applications, aiming to ensure consistent quality, performance, and safety across
different sectors;

e  Hesai Testing Standards: Hesai [207,208], a leading LiDAR manufacturer, has devel-
oped its own set of testing standards, such as UL4700, GB/T, and ISO/PWI 13228.
These standards are used to evaluate LIDAR products for short-, medium-, and long-
range applications, focusing on key performance metrics such as detection range,
resolution, interference cancellation, and reliability. These standards ensure that Li-
DAR sensors meet industry-leading requirements and can perform in a wide range
of conditions.

LiDAR trials and testing procedures evaluate a variety of performance metrics, includ-
ing detection range, distance accuracy, angular resolution, field of view, reflectivity, frames
per second, and operational safety [64]. Tests also assess the ability of sensors to reject
interference, point cloud density, frame delay, and ghost imaging. LiDAR sensors designed
to meet international standards and certified by third-party bodies are known as “safety
sensors” or “safety laser scanners” [209]. To be certified as such, LIDAR sensors must
comply with international safety standards such as ISO 13849 (JIS B9705) Category 3 PLd,
IEC 61508 (JIS C 0508) SIL2, and IEC 61496 (JIS B 9704) Type 3 [210]. These certifications
ensure the safe application of LIDAR sensors in different applications.

LiDAR testing accuracy is dependent on criteria such as range accuracy, point density,
precision, field of view, angular resolution, environmental factors, and system noise [211].
The 3D occupancy grid method was highly effective for tree canopy volume estimation,
with the segmented convex hull outperforming the convex hull by 42%, while the cylinder-
based model and convex hull methods were faster, with fewer data points, reducing
the data usage by 80-100%. No significant differences were observed in treetop volume
estimation [64]. Rigorous testing procedures based on industry standards are important for
ensuring the accuracy, reliability, and performance of LiDAR sensors in diverse agricultural
environments. These tests evaluate key performance metrics such as range accuracy, point
density, and environmental resilience.

6. Conclusions

This review highlights the significant benefits of LIDAR technology in agriculture,
including the ability to provide precise real-time data for tasks such as crop monitoring,
field mapping, and obstacle detection; however, it also addresses some limitations, such
as the impact of environmental conditions, cost concerns, and the need for reliable data
processing algorithms. In this paper, the future directions for the application of LIDAR
in agriculture are further outlined, emphasizing the need for continual advancements in
sensor technology and the integration of complementary systems, such as machine learning,
for improved performance and accuracy.

LiDAR sensor testing procedures are also discussed in this review, focusing on critical
testing parameters, industry standards, and accuracy benchmarks; it explores the technical
specifications of several commercially available LiDAR sensors and emphasizes the im-
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portance of mounting LiDAR technology on agricultural field machinery for the effective
recognition of crops and working environments. This study underscores that achieving
high-quality 3D point cloud data from LiDAR sensors requires adhering to proper testing
procedures and standards throughout the testing process. LIDAR sensors have achieved
high levels of accuracy in tasks such as tree recognition, plant height estimation, and canopy
volume calculation, making them invaluable tools for precision agriculture. The continuous
development of and adherence to standardized testing methods will further enhance the
capabilities and adoption of LiDAR systems in modern agricultural practice.

This review found that LiDAR sensors are popular for their 360° field of view, high
accuracy, and precise data collection despite challenges related to illuminance, weather con-
ditions, and temperature. Based on field test results from multiple researchers and findings
from reviewed articles, LIDAR is considered to be a highly precise sensing technology for
crop detection and recognition in agricultural environments. The reviewed studies suggest
certain specific guidelines during the testing of LIDAR to ensure optimal performance and
reliability. Proper calibration of LiDAR equipment should be ensured in order to accurately
measure and detect features in the agricultural working environment. Comprehensive
field tests across diverse crops and environments need to be conducted to evaluate the
performance of LiDAR under varying conditions, and the results should be analyzed to
assess detection precision and identify potential limitations or areas for improvement. To
refine the accuracy of LiIDAR systems, repeated testing is necessary to ensure that they
operate at their full potential. The incorporation of additional technologies or algorithms
alongside LiDAR should be considered in order to enhance overall system performance
and accuracy. Advanced data processing algorithms could be used to reduce processing
times for point cloud data and improve sensor efficiency.

In this review, we suggest utilizing affordable electronic components due to their lower
costs, making LiDAR technology more accessible for the recognition of crops and agri-
cultural operational environments, along with the autonomous navigation of agricultural
field machinery. A thorough evaluation of the accuracy and reliability of LIDAR sensors
should be carried out in real field conditions, as also suggested in this study. A strategic
framework for the effective implementation of LiDAR technology in diverse farming envi-
ronments is offered in this review, which includes recommendations for improved testing
procedures, suggestions for addressing current limitations, and guidance on integrating
LiDAR with other technologies to enhance its potential in precision agriculture. The study
concluded that LiDAR can become a more accessible and valuable tool for modern farming
by following these guidelines, supporting the future of smart agriculture with autonomous
farming systems.
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