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Highlights
●●	 Unmanned aerial vehicle (UAV) light detection and ranging (LiDAR) was used for high throughput maize plant height 

phenotyping in 270 doubled haploid (DH) lines across multiple stages and environments.  
●●	 Single plant scale estimation outperformed row scale, with R² values of 0.67 vs. 0.56 and RMSE values of 0.12 m vs. 

0.17 m, respectively.
●●	 Using inclusive composite interval mapping, we identified 12 and 20 QTLs for plant height in two DH populations.  These 
results support the feasibility of UAV-based QTL mapping and candidate gene discovery in maize.

Abstract
Maize (Zea mays L.) is a globally significant crop that plays a crucial role in feeding the world’s growing population.  Among 
its various traits, plant height is particularly important as it affects yield, lodging resistance, ecological adaptability, and other 
important factors.  Traditional methods for measuring plant height often lack cost-efficiency and accuracy.  In this study, a 
light detection and ranging (LiDAR) sensor mounted on an unmanned aerial vehicle (UAV) was employed to collect point 
cloud data from 270 doubled haploid (DH) lines.  This innovative application of UAV-based LiDAR technology was explored 
for high-throughput phenotyping in maize breeding trials.  High-density genetic maps were constructed, and plant height 
was assessed at both single-plant and row scales across multiple developmental stages and genetic backgrounds.  The 
findings revealed that for many varieties and small areas, single-plant-scale estimation accuracy was superior to row-
scale estimation, with R² values of 0.67 vs. 0.56 and RMSE values of 0.12 m vs. 0.17 m, respectively.  Two high-density 
genetic maps were constructed based on SNP markers.  In Sanya and Xinxiang, the F1DH and F2DH populations identified 
12 and 20 QTLs (quantitative trait loci) for plant height, respectively.  This study successfully identified and validated 
QTLs associated with plant height, thereby revealing novel genetic loci and candidate genes.  This research highlights the 
potential of UAV-based remote sensing to advance precision agriculture by enabling efficient, large-scale phenotyping and 
gene discovery in maize breeding programs.
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1. Introduction
Maize (Zea mays L.) is a crucial food crop that supplies 
at least 30% of the caloric intake for billions of people in 
many developing countries.   Its significance also extends to 
national economies and social development.  With the global 
population growing and economic development advancing, 
the urgency of increasing maize yields to ensure food security 
has intensified (Chardon et al. 2004; Heerwaarden et al. 2011; 
Shiferaw et al. 2013).  A key factor in achieving higher yields 
is plant height, a crucial breeding trait closely associated 
with maize productivity (Guo F et al. 2021; Yu et al. 2022).  
Developing varieties with optimal plant height is essential for 
achieving high and stable maize yields (Veldboom and Lee 
1996; Teng et al. 2013).  A comprehensive understanding 
and optimization of this quantitative trait can enable the 
development of cultivars that are better adapted to diverse 
environments, ultimately leading to higher yields to meet the 
growing global food demand.

Maize plant height is influenced by both genetic and 
environmental factors.  The field of genomic research is 
rapidly expanding due to advancements in sequencing 
technology (Liu M et al. 2021; Xie et al. 2021; Yang L et al. 
2021; Kumar et al. 2022).  Researchers have identified 
numerous genetic loci associated with plant height through 
quantitative trait loci (QTLs) mapping and genome-wide 
association studies (GWAS) by leveraging field measurements 
of plant height.   In addition, QTL fine mapping and mutant-
based studies have enabled the cloning of key genes that 
regulate plant height (Radanović et al. 2015; Zhou et al. 
2016, 2018; Du et al. 2021; Wang et al. 2023).  Despite these 
advances, genetic analysis still relies heavily on phenotyping 
data.  However, traditional methods of phenotyping in the 
field are labor-intensive and time-consuming (Han et al. 
2018; Malambo et al. 2018; Fei et al. 2023).  Furthermore, 
the subjective nature of selecting representative plants 
during phenotyping compromises accuracy, which poses a 
bottleneck for genetic research and breeding (Shi et al. 2016; 
Yang W et al. 2021; Diepenbrock et al. 2022).

Fortunately, the challenge of phenotyping data collection 
has been addressed with the development of advanced 
indoor high-throughput phenotyping platforms.  These 
platforms enable the measurement of traditional agronomic 
traits, and the results are systematically monitored and 
analyzed (Yang et al. 2014; Zhang et al. 2017).  These 
automated and high-throughput systems reduce time and 
increase accuracy in phenotyping, which facilitates the 
identification of known genes and novel loci in maize, and 
thus enhances gene discovery capabilities (Wang X et al. 
2019; Wang  et al. 2023).  However, these indoor platforms 
are impractical for large-scale breeding trials due to their 
immobility, prohibitive costs, and limited real-time monitoring 
capabilities.   In contrast, unmanned aerial vehicle (UAV)-
based high-throughput phenotyping platforms offer flexibility, 
precision, and efficiency in data acquisition at a lower cost 
(Hu et al. 2018; Cui et al. 2021; Lu et al. 2022; Rodene 
et al. 2022).  Advanced sensor technologies such as optical, 
hyperspectral, and light detection and ranging (LiDAR) 
sensors enable the efficient acquisition of diverse data (Yang 

W et al. 2020; Jin et al. 2021; Liu S et al. 2021; Araus et al. 
2022; Bai et al. 2022; Cheng et al. 2022), thereby facilitating 
genetic studies (Duan et  al. 2016; Jiang et  al. 2021).  
Currently, some methods for estimating plant height using 
UAV phenotyping platforms have been developed (Malambo 
et al. 2018; Che et al. 2020; Zhou et al. 2020; Gilliot et al. 
2021; Guo Y et al. 2021; Luo et al. 2021; Shu et al. 2022).  
UAV remote sensing is primarily used to estimate plant height 
by calculating the difference between the Digital Surface 
Model (DSM) and the Digital Terrain Model (DTM) (Watanabe 
et al. 2017; Pugh et al. 2018; Yu D et al. 2020; Lu et al. 2021).  
Some studies that measured plant height at multiple time 
points using UAV remote sensing for sorghum have shown 
that UAV-based high-throughput phenotyping outperformed 
traditional field phenotyping in terms of observation frequency 
(Pugh et al. 2018).  However, the variables recorded by 
researchers varied across different studies, and the optimal 
statistical variables for estimating plant height differed among 
these studies (Luo et al. 2021; Shu et al. 2022).

For genetic analysis, a high-resolution camera mounted 
on a UAV can be used to construct a high-throughput 
phenotyping platform.  One study proposed a QTL localization 
method for common wheat plant height using UAV imagery 
(Yan et al. 2023), and demonstrated that QTL mapping based 
on actual plant height measurements and UAV-extracted data 
yielded highly consistent results.  Similarly, research using 
red, green, and blue (RGB) images for sorghum plant height 
extraction found that UAV-estimated plant height aligned 
well with traditional genomic prediction models (Watanabe 
et al. 2017).   In addition, Wang X et al. (2019) conducted 
dynamic QTL mapping with UAV-estimated plant heights and 
successfully monitored 68 QTLs related to seven plant height 
traits, which revealed variations in the QTLs responsible for 
plant height during different fertility periods.  Although optical 
sensors can provide detailed information about the surface 
characteristics of the vegetation canopy, they cannot capture 
changes in canopy structure, so it is difficult to acquire 
three-dimensional information.  This limitation often leads to 
saturation at high biomass levels or in dense vegetation.   In 
contrast, LiDAR technology can acquire and measure the 
vertical structure of tree canopies and generate an accurate 
3D point cloud of the object (Popescu 2007; Qin et al. 2015).  
This avoids the issue of vegetation index saturation in 
optical remote sensing (Cook et al. 2009; Karna et al. 2015).  
Currently, LiDAR is widely used for plant height inversion, 
and it has achieved more accurate estimations (Luo et al. 
2017; Madec et al. 2017; Zhou et al. 2020).  Studies have 
shown that UAV-based LiDAR systems provide more precise 
estimates of plant height than UAV-based RGB cameras (Luo 
et al. 2017; Madec et al. 2017).  Therefore, LiDAR sensor-
based inversion of plant height is more suitable for complex 
environments involving multiple varieties and fertility periods, 
as well as small unit area plantings.  This approach holds 
significant promise for estimating maize plant height in the 
field for QTL localization in genetic analysis.

In this study, UAV-based LiDAR sensor data were used 
to map QTLs for maize plant height using two populations 
of doubled haploid (DH) lines.  Conducted in two different 
environments, this study employed a UAV equipped with 
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a LiDAR sensor for data collection.  Leveraging two high-
density genetic maps, inclusive composite interval mapping 
was applied to validate the accuracy of the UAV LiDAR 
data in phenotyping and assess its utility in crop genetic 
improvement.  This study aims to: 1) identify the best 
predictors of plant height in field breeding experiments; 2) 
construct two high-density genetic maps; and 3) evaluate 
the accuracy and utility of UAV remote sensing data for the 
QTL mapping of plant height in breeding trials.  The findings 
highlight the importance and feasibility of UAV-based LiDAR 
for high-throughput and accurate phenotyping.  This study 
lays a theoretical foundation for addressing the challenges 
associated with large-scale, accurate phenotyping in practical 
maize genetic breeding trials.

2. Materials and methods
2.1. Test materials and study design 
This study used the nationally recognized maize variety 
Zhongdan 909 (Zheng58×HD568) as the primary source 
material.  DH lines were generated by inducing and 
constructing populations from their F1 and F2 generation 
plants.  The resulting DH line populations from the F1 and 
F2 generations consisted of 113 and 157 lines, respectively, 
numbered sequentially from 1 to 270.  Field trials were 
conducted in two locations: Sanya, Hainan Province and 
Xinxiang, Henan Province, China (Fig.  1).  Notably, 10 
varieties were absent from replicate 2 in the Sanya test area, 
and 13 varieties were missing in the Xinxiang test area due 
to unstable seed yields from the selfed lines.  Two groups of 
parental materials were planted at the end of the test area.

Planting commenced on November 25, 2022, at the 
Sanya Nanfan Base of the Chinese Academy of Agricultural 
Sciences (CAAS) (Fig. 1-A).  This base is located in Yazhou 

Bay, Sanya City, Hainan Province, and lies in a tropical 
monsoon climate region (18°36´N, 109°17´E).  The area 
receives an average annual rainfall of 1,100 to 1,300 mm.  
The climate exhibits distinct wet and dry seasons.  Dry 
conditions prevail from November to April, while the period 
from July to October is characterized by typhoons and heavy 
rainfall.  The experimental design employed a randomized 
block trial with two replications.  Each family line was planted 
in single-row plots with individual seeds, spanning 3.5 m in 
row length.  Rows alternated between narrow (0.4 m) and 
wide (0.8 m) spacing, incorporating high and low ridges.  
Within each row, plants were spaced 0.25 m apart, totaling 
14 plants per row and achieving a planting density of 4,500 
plants mu–1 (1 mu=666.67 m2).  Field management practices 
adhered to local standards.

Planting was conducted on June 17, 2023, at the Xinxiang 
Comprehensive Experimental Base of the Chinese Academy 
of Agricultural Sciences (Fig. 1-B).  This base is located in 
Qiliying Town, Xinxiang County, Henan Province (35°10´N, 
113°47´E), in the temperate monsoon climate zone of the 
Huang-Huai-Hai Plain, within the Yellow River irrigation 
region.  This region experiences an average annual rainfall 
of 400 to 800 mm, with rainy and hot seasons primarily 
occurring from June to August.  The experimental setup 
employed a randomized block design with two replications.  
Each family line was planted in single-row plots with individual 
seeds spaced 0.6 m apart and plants within rows spaced 0.25 
m apart, totaling 16 plants per row and achieving a planting 
density of 4,500 plants mu–1.  Field management practices 
followed local standards.

2.2. Image and ground data collection and processing
A DJI M300 RTK UAV equipped with a DJI Zenmuse L1 
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Fig.  1  Study areas.  A, Sanya experimental site, Hainan Province, China.  B, Xinxiang experimental site, Henan Province, China.  Arrows 
indicate the variety sorting directions.  
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sensor (DJI, Shenzhen, China) was used to collect point 
cloud data, Position and Orientation Systems (POS) data, 
and images.  The UAV operated at a flight altitude of 30 m in 
equal interval photo mode.  To reduce motion blur, the shutter 
speed was configured to 1/1,000 s and the gimbal pitch angle 
was adjusted to –90°, to ensure vertical downward image 
capture.  The UAV flew at a speed of 2.4 m s–1 with a route 
overlap rate of 75% and a heading overlap rate of 80%.

High-precision point cloud data were collected at a height 
of 30 m on several dates in 2023 under clear skies: February 
19 (milk stage, Sanya), July 23 (jointing stage, Xinxiang), 
July 30 (12th leaf stage, Xinxiang), August 5 (tasseling 
stage, Xinxiang), August 15 (silking stage, Xinxiang), and 
August 22 (milk stage).  The images were stitched together 
using Agisoft Metashape (Agisoft LLC, Russia).  For LiDAR 
data preprocessing, DJI Terra software was employed.  The 
POS data and digital images were imported to generate 
point clouds in LAS format with the WGS 84/UTM zone 49N 
projected coordinate system.

Statistical variables derived from DSM and DTM were used 
to estimate maize plant height through regional analysis using 
ArcGIS 10.8 software.  Vector boundaries were delineated 
to define the experimental plot areas and aid in cropping the 
plot images to identify the region of interest (ROI).  Elevation 
values for the ground and the canopy top were extracted from 
the DSM and DTM statistics within the ROI.  The height of the 
maize plants was estimated as the difference between these 
two values.

MHUAV(m,n)=DSMm–DTMn	 (1)
where MHUAV denotes the UAV-estimated plant height, m 
represents the elevation of the upper canopy for variables 05 
to 12 in Table 1, and n corresponds to the ground elevation 
for variables 01 to 04 in Table 1.

The selection of ROIs significantly influences the extraction 
of statistical values from plots.  Two methods were used for 
ROI selection in maize plant height estimation: (1) plot-based 
selection (row) and (2) single maize plant-based selection 
(single).  Using data from Sanya, MHUAV was calculated 
separately for all combinations of variables to determine the 
optimal variables for precise plant height estimation.

During point cloud data collection, five representative 
maize plants from replicate 1 trial plots were randomly 

selected to measure their plant height and validate the 
accuracy of UAV-estimated plant height (MHUAV) data.  Plant 
height measurements were obtained using a telescopic tower 
ruler to record the average height of the maize plants as the 
mean plant height (MHobs) for the surveyed plots.  The height 
measurement spanned from the highest point of natural 
growth to the base of the plant.  To assess the accuracy of 
plant height estimation, the coefficient of determination (R²), 
root mean square error (RMSE), and relative root mean 
square error (rRMSE) were calculated using the following 
eqs.:

R2=1–
(ŷi–yi)

2∑
n

i=1

(–yi–yi)
2∑

n

i=1

	 (2)

RMSE=
1
n (yi –ŷi)

2∑
n

i=1

	 (3)

rRMSE (%)= ×100
RMSE

–y 	 (4)

where ŷi represents the estimated plant height value for the 
i-th sample collected through UAV remote sensing (MHUAV), yi 
represents the actual field measurements of plant height for 
the i-th sample, and –yi represents the average plant height of 
all the field measurements.

The maize plant height was batch-estimated and the 
accuracy was evaluated.  The UAV LiDAR data acquired in 
Sanya, along with the actual measured plant height data, 
were used for training.  The quantile with the smallest relative 
rRMSE was selected as the best estimate for maize plant 
height, which was then used to establish the maize plant 
height estimation method.  The UAV LiDAR data acquired 
in Xinxiang, along with the field-measured plant height data, 
were used for validation and QTL analysis.

2.3. High-density genetic map construction and QTL 
mapping
In this study, leaf samples from the F1DH, F2DH, and parental 
plants were collected 40 days after planting.  High-quality 
genomic DNA was extracted from the population using the 
hexadecyl trimethyl ammonium bromide (CTAB) method.  
The concentration and purity of DNA samples were assessed 

Table 1  Variables for estimating maize plant height  
Input1) ROI2) Variable Name Definition Type
DTM Row 01 MIN The minimum value of DTM in the row Ground elevation

02 MAX The maximum value of DTM in the row
03 MEAN The average value of DTM in the row
04 MEDIAN The median DTM in the row

DSM 05 MAX_row The maximum value of DSM in the row Canopy top 
elevation06 PCT99_row The 99th percentile of DSM in the row

07 PCT98_row The 98th percentile of DSM in the row
08 PCT95_row The 95th percentile of DSM in the row

Single 09 MAX_aver Average of maximum values in single plant
10 PCT99_aver Average of the 99th percentile in single plant
11 PCT98_aver Average of the 98th percentile in single plant
12 PCT95_aver Average of the 95th percentile in single plant

1) DTM, Digital Terrain Model; DSM, Digital Surface Model.
2) ROI, region of interest.  The “row” and “single” represent the plot and single plant scale, respectively.
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using a NanoDrop 2000 spectrophotometer and further 
confirmed through 1% agarose gel electrophoresis to ensure 
that the samples met quality criteria of a DNA concentration 
exceeding 20 ng μL–1, a purity index (OD280/OD260 value) 
between 1.70 and 1.90, and displaying a single, bright band 
without contaminants.  DNA samples meeting these criteria 
were then submitted for SNP genotyping.

A total of 310 materials were genotyped using 48K 
liquid phase capture sequencing.  SNP markers of the two 
populations were filtered, and deleted if they met any the 
following criteria: (1) SNP markers without polymorphism in 
both parents; (2) SNP markers with heterozygous parents; 
(3) SNP markers with a deletion rate greater than 10%; (4) 
SNP markers with heterozygosity greater than 10%; (5) SNP 
markers with a minor allele frequency (MAF) less than 0.05; 
and (6) SNP markers that did not conform to a 1:1 ratio in a 
Chi-square test.  The genotypes of the samples were then 
analyzed according to these criteria: (1) Individuals with a 
marker deletion rate greater than 10% were deleted; and (2) 
individuals with marker heterozygosity rates greater than 20% 
were deleted.

Based on the filtered SNP markers, bin markers of the 
F1DH and F2DH populations were screened using the sliding 
window approach, and a bin map was constructed.  The 
method is as follows: a window of 15 adjacent SNP markers 
is moved one SNP marker at a time.   If more than 11 SNP 
markers within the window are from the same parent, they 
are regarded as homozygous sites; otherwise, they are 
considered heterozygous sites.  Adjacent windows with 

the same genotypes are merged into one fragment, and 
differences in genotypes between fragments indicate the 
presence of recombination sites.  Contiguous fragments 
without recombination are specified as one bin marker.  R/
ASMap was then used to construct the genetic linkage map.

QTL localization was performed using ICIMapping.  The 
ICIM-ADD method was chosen for maize plant height QTL 
localization in the DH line populations, with the LOD value set 
to 2.5 and other settings left at default values.  The results 
were assessed based on the phenotypic variance explained 
(PVE) value and LOD to identify the plant height QTLs.  A 
nomenclature convention was followed by naming each QTL 
as q+trait abbreviation+chromosome number.  For example, 
a QTL detected on chromosome 1 would be named qPH1-1, 
with 1-1 indicating the first QTL set on chromosome 1.

Overall, UAV LiDAR sensors were used to monitor maize 
plant height in the field.  The best statistical variables were 
selected and a method for UAV-estimated plant height 
was developed.  The QTL analysis of UAV-estimated plant 
height was performed using the inclusive composite interval 
mapping method in conjunction with high-density genetic 
mapping.  The overall workflow of this study is shown in 
Fig. 2.

3. Results
3.1. Optimal UAV-based plant height estimation
The data from Sanya were analyzed to identify the optimal 
variables for estimating plant height.  MHUAV was calculated 
using various combinations of variables at both the row scale 
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and the single-plant scale.  The resulting RMSE matrix for 
plant height estimation is shown in Fig. 3.  Generally, single-
plant scale estimation demonstrated superior performance 
compared to plot scale estimation.  The RMSE exhibited 
minimal variation along the vertical axis (where “n” indicates 
the ground elevation value), while more substantial 
differences were observed along the horizontal axis (where 
“m” denotes the elevation of the canopy top).  This suggests 
that variable “m”, representing the elevation of the canopy 
top, exerts a greater influence on the accuracy of plant height 
estimation than variable “n”, which represents the ground 
elevation value.  

At the row scale, using the variable PCT99_row for MHUAV 
demonstrated greater precision, with an R2 value of 0.56, an 
RMSE value of 0.17, and an rRMSE value of 0.12, surpassing 
the variables MAX_row, PCT98_row, and PCT95_row (RMSE 
range: 0.20–0.51 m; refer to Appendix A for detailed fitting 
results).  At the single-plant scale, MHUAV demonstrated 
greater precision using the variable MAX_aver (Fig. 4-A), 
which achieved a fitted R2 value of 0.67, an RMSE value of 
0.12, and an rRMSE value of 0.07 compared to the variables 
PCT99_aver, PCT98_aver, and PCT95_aver (RMSE range: 
0.13–0.52 m).  This study demonstrated that R2, RMSE, and 
rRMSE values were significantly higher at the single-plant 
scale compared to the row scale.  Therefore, MAX_aver 
and MIN fit were identified as the most effective statistical 
variables for UAV-based plant height estimation in this study.

The optimal combination of variables for estimating plant 
height was selected based on the best statistical variables 
identified in Sanya.  Then the fittings for MHUAV and MHobs in 
Xinxiang were generated to explore the relationship across 
the five growth periods, which revealed substantial variations 
in plant heights at different developmental stages.  The 
results of estimating maize plant height in Xinxiang using the 
identified optimal parameters and the estimation accuracy 

for each period are depicted in Fig. 5.  For the five growth 
periods, the R2 values were 0.30, 0.27, 0.55, 0.66, and 0.82, 
with corresponding RMSE values of 0.14, 0.19, 0.23, 0.33, 
and 0.26, and rRMSE values of 0.23, 0.28, 0.22, 0.23, and 
0.17, respectively.  

Note that a typhoon passed through the day before data 
collection on July 30, 2023, causing the collapse of some 
maize plants.   In addition, when combining and fitting data 
from the five growth periods covering the full reproductive 
period in Xinxiang, the R2 value reached a maximum of 0.88, 
and the rRMSE was 0.15 (Fig. 5-E).

3.2. High-density genetic map construction and phe-
notypic evaluation
The numbers of remaining SNP markers in the F1DH and 
F2DH populations were 85,907 and 83,534, respectively, 
with population sizes of 99 and 153, respectively.  These 
SNP markers were evenly distributed across the 10 maize 
chromosomes.  Using the sliding window strategy, 1,577 
and 2,197 bin markers were obtained for the F1DH and 
F2DH populations, respectively.  Details of these maps are 
presented in Fig. 6.  In the F1DH population, the genetic map 
had a total length of 1,715.08 cM with an average genetic 
distance of 1.09 cM.  For the F2DH population, the total length 
of the genetic map was 2,213.89 cM and the average genetic 
distance was 1.27 cM (Appendices B and C).  Significant 
correlations between genetic distance and physical distance 
were found in both populations, with coefficients of 0.92 
and 0.93 (Appendix D).   In addition, the collinearity between 
genetic and physical distances indicated that most bin 
markers were arranged in an order consistent with the 
physical maps.  These results indicate a strong correlation 
between the genetic and physical distances in the genetic 
linkage maps (Appendices D and E).  Overall, the genetic 
linkage maps demonstrate high accuracy and are well-suited 
for subsequent analyses.

Based on tradit ional f ield measurements, a basic 
descriptive statistical analysis of plant height data from two 
environments, Sanya and Xinxiang, was conducted.  This 
analysis revealed that the plant height of HD568 exceeded 
that of Zheng58 after the tasseling stage, which meets the 
criteria for seed production and can assist in the selection 
of favorable combinations.  In addition, the results indicated 
that the slow growth period occurred from August 15 to 
August 21, while the rapid growth period was from July 
23 to August 15 (Table 2).  On July 23, maize was at the 
jointing stage, and by August 15, some maize had reached 
the tasseling stage.  This indicates that the period from 
the jointing stage to the tasseling stage is a phase of rapid 
growth.  The coefficient of variation for MHobs (August 22, 
Xinxiang) sown in 2023 was 20.68%.  Further analysis 
of variance for plant height showed highly significant 
differences among the genotypes (Table 3), indicating that 
these differences are likely due to genetic factors.

The distribution of maize plant height across various 
environments followed the typical pattern of a quantitative 
trait distribution (Fig.  7-A).  A notable linear correlation 
was observed between the maize plant heights in different 
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environments, with a correlat ion coeff icient of 0.62 
(Fig. 7-B).  Significant variations in plant height were also 
evident across the different developmental stages, with 
correlations ranging from 0.18 to 0.83.  These findings 
suggest a shared genetic basis for plant height within this 
population that is consistent across diverse environments 
and developmental stages.  However, it is important to 
recognize that environmental conditions also influence 
maize plant height to some extent, and this influence 
interacts with genetic factors.

3.3. QTL mapping of maize plant height
Given the observed differences between MHobs and MHUAV 
in various environments and reproductive periods, QTL 
localization for plant height was conducted in the F1DH 
population.  This analysis compared the manually measured 
plant height with the UAV-estimated plant height to validate the 
feasibility of using UAV phenotypic data for genetic breeding.  
The results, shown in Fig. 8, identified 12 QTLs associated 
with plant height in the F1DH population.  These loci were 
distributed across chromosomes 1, 2, 3, 6, and 10, with 

Fig. 4  Fitting results based on combinations of different variables at the single-plant scale (Sanya, Hainan Province, China).  
A, MAX_aver and MIN fit results.  B, MAX_aver and MAX fit results.  C, MAX_aver and MEAN fit results.  D, MAX_aver and MEDIAN fit 
results.  E, PCT99_aver and MIN fit results.  F, PCT99_aver and MAX fit results.  G, PCT99_aver and MEAN fit results.  H, PCT99_aver 
and MEDIAN fit results.  I, PCT98_aver and MIN fit results.  J, PCT98_aver and MAX fit results.  K, PCT98_aver and MEAN fit results.  
L, PCT98_aver and MEDIAN fit results.  M, PCT95_aver and MIN fit results.  N, PCT95_aver and MAX fit results.  O, PCT95_aver and 
MEAN fit results.  P, PCT95_aver and MEDIAN fit results.  LiDAR, light detection and ranging.  For all R2 values, P<0.001.
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detailed information provided in Appendix F.  The phenotypic 
contribution rates of individual QTLs ranged from 12.60 to 
22.55%, with all values exceeding 10%, indicating that these 
QTLs are the primary regulators of plant height.  Plant height 
is mainly controlled by distinct QTLs at different reproductive 
stages.  For example, at the nodulation and small trumpet 

stages (July 30, 2023 and August 5, 2023), several QTLs 
influencing maize plant height at multiple stages were localized 
to the same locus, i.e., locus 184 (qPH3-3) on chromosome 3. 
Most other QTLs had similar loci in different environments 
and reproductive periods.  For instance, the QTLs qPH3-5
and qPH3-6 had overlapping positions at 196–197 Mb 
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within 1-LOD support intervals, and their PVEs for MHobs 
and MHUAV were also similar.   In addition, using MHUAV 
for localization revealed the same loci on chromosomes 
2, 3, and 6 that were identified with the actual plant 
he ights  (qPH2-3 ,  qPH3-3 ,  qPH3-4 ,  and  qPH6-1 ) , 
with PVEs of 15.13, 14.05, 18.75, and 17.45%, respectively.

In the F2DH population (Fig.  9), the QTL localization 
identified 20 QTLs associated with plant height.  These QTLs 
were distributed across chromosomes 1, 2, 3, 4, 5, 6, 8, and 9, 
with detailed information in Appendix G.  Similar loci on 
chromosome 6 (120, 124, 129, and 130) were observed during 
four different reproductive periods, with PVEs of 16.61, 9.33, 
9.63, and 9.59%.  The same locus (103) and a similar locus 
(100) on chromosome 9 were observed during critical growth 
periods (July 30, August 5, and August 15, 2023), with PVEs 

of 11.17, 13.74, and 12.38%.  In total, 32 QTLs related to plant 
height were detected in the F1DH and F2DH populations, with 
27 of these QTLs identified using UAV data.  However, no QTL 
overlap was observed between the two environments.

4. Discussion
4.1. UAV LiDAR sensor-based maize plant height esti-
mation
In this study, a UAV-based LiDAR sensor was used to 
estimate plant height for QTL under field trials in a practical 
breeding scenario.  The goal was to establish a method for 
using UAV remote sensing data to estimate plant height 
with greater accuracy and stability across various species, 
reproductive periods, and small-area plantings.

Initially, the stability and accuracy of LiDAR sensor-based 
plant height estimations at different height fractions were 
assessed and the statistical variables for estimating maize 
plant height were identified.  As shown in Fig. 6, the findings 
align with those of previous studies (Malambo et al. 2018; 
Che et al. 2020; Shu et al. 2022) in that the most accurate 
plant height estimation at the row scale was achieved using 
the variables PCT99_row and MIN.  This discrepancy may 
have occurred because MAX_row reflects only the height of 

Table 2  Basic description of maize height (MHobs) of the doubled haploid population and its parents  

Date
Parent Doubled haploid population1)

Zheng58 (cm) HD568 (cm) Mean (cm) Minimum (cm) Maximum (cm) SD (cm) CV (%)
February 19 157.67 173.00 161.59 94.25 215.40 19.35 11.97
July 23 59.53 88.37 61.33 22.87 91.67 13.01 21.22
July 30 72.90 104.83 80.61 40.10 124.33 16.38 20.32
August 5 89.33 141.33 107.61 47.88 147.67 18.79 17.46
August 15 108.70 149.27 142.17 90.33 202.77 20.07 14.12
August 22 159.00 170.33 155.27 90.33 230.67 20.68 13.32
1) SD is standard deviation; CV represents the coefficient of variation.

Table 3  Two-factor variance analysis of maize height  
Sum 
square df Mean 

square F P-value

Genotype 164,815 253 651.40 4.32 2.20×10–16***

Environment 5,073 1 5,072.80 33.67 1.94×10–8***

Residual 38,113 253 150.60
*** indicates extremely significant correlation at the 0.001 level.
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the tallest plant in a row, while field measurements typically 
involve selecting representative maize plants.  Consequently, 

plant height estimations based on MAX_row often deviate 
more from the measured values.  In addition, airborne LiDAR 

Fig. 9  Locations of QTLs for the F2DH population in the whole genome.  In this study, the LOD was set to 2.5 to indicate the presence 
of interlocking.  MH, maize height.  SY, Sanya, Hainan Province, China; XX, Xinxiang, Henan Province, China.  UAV, unmanned aerial 
vehicle; MHUAV, UAV-estimated plant height.
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data acquisition can be affected by flying birds or insects 
between the sensor and the canopy top, causing MAX_row to 
overestimate maize plant height.

At the single-plant scale, averaging variables mitigated 
the impact of outliers on plant height estimates, leading to 
higher accuracy.  The most precise plant height estimation 
was obtained with MAX_aver, which represented canopy 
height (R2, 0.67; RMSE, 0.12 m; rRMSE, 0.07).  This finding 
is consistent with indoor monitoring platforms, where the 
highest point in the natural state reflects canopy height.  The 
maximum underestimation occurred during tasseling on 
August 15, 2023.  This underestimation was attributed to the 
variability of the male spikes, which differ with plant population 
and variety (Duncan et al. 1967).  Tasseling was inconsistent 
among varieties between the F1DH and F2DH populations, 
and the size of the male spike significantly affected plant 
height estimates.  Unstable spike point clouds during model 
reconstruction may lead to lower plant height estimates (Han 
et al. 2018).  Previous studies also found that the length of 
the male spike impacts plant height measurement (Maresma 
et al. 2016; Shi et al. 2016).

As noted, the better accuracy of plant height estimation 
using single-plant extraction in actual field breeding 
work validates the feasibility and precision of UAV-based 
measurements.  However, MHUAV is influenced by the size of 
the male spike, indicating the need for further improvements.  
For instance, reducing the flight altitude could enhance point 
cloud density during the tasseling stage.

4.2. Importance of high-density genetic maps
The construction of high-density genetic maps is crucial 
for precise QTL localization, enhancing efficiency, and 
improving resolution (Wang Z et al. 2019b).  The accuracy of 
genetic mapping, which relies on the discovery of molecular 
markers and genotyping, directly influences the precision of 
QTL localization (Wang Z et al. 2019a; Liu et al. 2020).  A 
low marker density, uneven distribution, and large genetic 
distances between markers can lead to inaccuracies in 
QTL localization.  Advances in sequencing technology 
and SNP genotyping on gene chips, which are driven by 
decreasing costs and rapid bioinformatics development, have 
revolutionized high-density genetic map construction, and it 
is now widely applied in genetic analysis (Yu X et al. 2020; 
Lin et al. 2021; Lv et al. 2021).  High-density genetic mapping 
offers several advantages over low-density mapping.   It 
accurately pinpoints QTL positions, narrows candidate 
intervals, and enhances localization precision.  Moreover, it 
detects more QTLs and has better sensitivity.   In this study, 
high-density genetic maps were constructed comprising 1,577 
and 2,197 high-quality bin markers, respectively (Fig. 6).  The 
average genetic distances between markers were 1.09 and 
1.01 cM, respectively.  These linkage maps have greater 
marker densities than several previously reported maps.  
In addition, the physical interval size for QTL localization 
was typically 1–2 Mb, with the minimum interval size being 
0.86 Mb.  This demonstrates that high-density genetic linkage 
maps can significantly narrow the candidate range (Yang J 
et al. 2020; Ren et al. 2022).

4.3. Analysis of the QTL location results of maize plant 
height
In this study, high-density genetic mapping and MHUAV were 
used to monitor plant height QTLs.  QTL localization was 
validated in the F1DH population using field-measured plant 
height, which confirmed that the loci for UAV-estimated 
plant height (qPH2-3, qPH3-3, qPH3-4, and qPH6-1) were 
generally consistent with those identified through traditional 
plant height survey methods.  Notably, QTLs that control 
plant height at multiple reproductive stages were found (Figs.  
8 and 9).  Three repetitively localized intervals were identified 
on chromosomes 3, 6, and 9, which contain QTLs such as 
qPH3-3, qPH3-7, qPH6-3, qPH6-4, qPH6-5, qPH9-4, and 
qPH9-5, suggesting these might be novel loci controlling plant 
height.

This study also revealed the presence of the candidate 
gene ZmWUS1  within the 2.26–3.44 Mb interval on 
chromosome 2, which is known to regulate maize plant 
height by controlling meristematic tissue development (Chen 
et al. 2021).  Furthermore, the candidate gene ZmPIN1a was 
identified within the 0.06–3.29 Mb interval on chromosome 
9, which regulates plant height through auxin transport and 
accumulation in maize root tips, thereby enhancing root 
growth while reducing plant height (Li et al. 2018).  Several 
QTLs identified in this study, such as qPH8-1 and qPH2-4, 
overlapped with previously reported QTLs, indicating that 
they are novel genetic loci contributing to maize plant height 
control (Li et al. 2016; Yang et al. 2024).  This suggests that 
certain loci consistently influence plant height across different 
populations and developmental stages.  Most other QTLs 
exhibited similar loci across the different environments and 
reproductive periods (qPH3-2, qPH3-3, qPH3-4, and qPH3-6), 
while some QTLs were specific to individual environments, 
highlighting the strong influence of environmental factors 
on plant height inheritance.  A total of 32 distinct QTLs were 
monitored throughout the entire reproductive period, and 
the results indicated that different periods are controlled 
by different QTLs.  This finding is consistent with previous 
studies showing that various growth stages in maize plant 
height are influenced by different QTLs (Wang X et al. 2019).  
UAV-estimated plant height, which provides more canopy 
information, may offer advantages in terms of accuracy and 
objectivity.

4.4. Factors affecting estimation accuracy
Estimation accuracy can be affected by factors such as the 
small planting area of the plot, close row spacing between 
varieties, and leaves obscuring each other in single-row 
areas.  The subjective nature of manual measurement data 
and variation in results between different individuals further 
underscore the potential advantages of UAV-estimated plant 
height data.  Also, the timing of high-throughput phenotypic 
monitoring is crucial for effective data collection and analysis 
(Shakoor et al. 2017).  Monitoring multiple reproductive stages 
has enhanced our understanding of plant developmental 
processes.  Using phenotypic data across multiple fertility 
periods in genetic mapping enables the identification of a 
greater number of QTLs influencing the development of 
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plant height traits.  The selection of sampling time points can 
significantly impact the extraction of phenotypic traits and 
subsequent analyses, as the QTLs controlling these traits 
change throughout the growing season.  Understanding these 
variations is essential for analyzing the genetic basis of target 
traits and improving those traits.

While obtaining UAV-estimated plant height data is 
feasible and accurate, instances of underestimation still occur 
(Fig. 3).  This could be attributed to the nature of LiDAR, an 
active remote sensing technology.  The sensor emits infrared 
laser pulses, and the distance to the feature is calculated 
using the time-of-flight (ToF) method combined with real-
time navigation data to determine the spatial location of the 
feature.  During UAV-based LiDAR data collection, especially 
in the middle and late stages of maize growth when plants 
are taller and denser, the tops of maize plants are susceptible 
to wind disturbance.  Consequently, infrared laser pulses may 
not capture the point cloud information as comprehensively 
as in the early stages.  

In this study, LiDAR proved effective in estimating maize 
plant height for QTLs under complex conditions involving 
multiple varieties, fertility periods, and small unit area 
planting.  However, its applicability under different conditions, 
such as varying flight heights, fertilization, flooding, and 
lodging, remains to be demonstrated.  In addition, employing 
oblique photography has the potential to increase point cloud 
density, which would enhance the likelihood of detecting the 
highest point of the plant.  This may serve as a compensatory 
measure for the limited point cloud density of LiDAR and 
further improve maize height estimation accuracy.  Moreover, 
in actual field breeding experiments, the small unit planting 
area and the impact of side rows on measurements are often 
significant.  This issue could be addressed by altering planting 
methods, or by transitioning from single-row to double-row or 
square layouts, to minimize the influence of neighboring rows 
on variety-specific measurements and ultimately enhance 
estimation accuracy.

5. Conclusion
In this study, a UAV high-throughput phenotyping platform 
equipped with a LiDAR sensor was used to obtain plant 
height information in the field.  By comparing the performance 
of estimated plant heights at different scales and combining 
it with a constructed high-density genetic map, the accuracy 
and stability of plant height estimation at the single-plant 
scale were better than those at the plot scale.  The QTL 
results based on UAV-estimated single maize plant height 
values closely matched those derived from observed maize 
plant height values, highlighting the practicality and feasibility 
of UAV-based remote sensing technology in gene mining.  
This study not only provides a method for rapid and efficient 
plant height monitoring under complex conditions but also 
lays a theoretical foundation for solving the challenges 
of large-scale and precise phenotyping in maize genetic 
breeding trials.
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