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Abstract: Accurate and repeated forest inventory data are critical to understand forest ecosystem
processes and manage forest resources. In recent years, unmanned aerial vehicle (UAV)-borne light
detection and ranging (lidar) systems have demonstrated effectiveness at deriving forest inventory
attributes. However, their high cost has largely prevented them from being used in large-scale
forest applications. Here, we developed a very low-cost UAV lidar system that integrates a recently
emerged DJI Livox MID40 laser scanner (~$600 USD) and evaluated its capability in estimating both
individual tree-level (i.e., tree height) and plot-level forest inventory attributes (i.e., canopy cover, gap
fraction, and leaf area index (LAI)). Moreover, a comprehensive comparison was conducted between
the developed DJI Livox system and four other UAV lidar systems equipped with high-end laser
scanners (i.e., RIEGL VUX-1 UAV, RIEGL miniVUX-1 UAV, HESAI Pandar40, and Velodyne Puck
LITE). Using these instruments, we surveyed a coniferous forest site and a broadleaved forest site,
with tree densities ranging from 500 trees/ha to 3000 trees/ha, with 52 UAV flights at different flying
height and speed combinations. The developed DJI Livox MID40 system effectively captured the
upper canopy structure and terrain surface information at both forest sites. The estimated individual
tree height was highly correlated with field measurements (coniferous site: R2 = 0.96, root mean
squared error/RMSE = 0.59 m; broadleaved site: R2 = 0.70, RMSE = 1.63 m). The plot-level estimates
of canopy cover, gap fraction, and LAI corresponded well with those derived from the high-end
RIEGL VUX-1 UAV system but tended to have systematic biases in areas with medium to high canopy
densities. Overall, the DJI Livox MID40 system performed comparably to the RIEGL miniVUX-1
UAV, HESAI Pandar40, and Velodyne Puck LITE systems in the coniferous site and to the Velodyne
Puck LITE system in the broadleaved forest. Despite its apparent weaknesses of limited sensitivity to
low-intensity returns and narrow field of view, we believe that the very low-cost system developed
by this study can largely broaden the potential use of UAV lidar in forest inventory applications.
This study also provides guidance for the selection of the appropriate UAV lidar system and flight
specifications for forest research and management.

Keywords: unmanned aerial vehicle (UAV); lidar; DJI Livox; low cost; forest inventory

1. Introduction

Forest inventory is a fundamental forest management practice for quantifying forest
resources and understanding forest ecosystem processes [1–4]. In recent years, light detec-
tion and ranging (lidar) has been recognized as an efficient and accurate technology for
estimating forest inventory attributes such as tree height, diameter at breast height (DBH),
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crown diameter, crown base height, standing volume, and aboveground biomass [5–12].
Compared to traditional field-based methods, lidar has shown great potential to both im-
prove the timeliness and reduce the labor cost of repeated forest inventory practices [13–15].
Various platforms (e.g., terrestrial, mobile, unmanned aerial vehicle (UAV), airborne, and
spaceborne) have been developed to deploy lidar instruments. Among them, UAV lidar
provides the ability to balance convenience, spatial coverage, and data quality [16,17], all
essential characteristics for local landscape-scale forest inventory practices.

Laser scanner is the core of a UAV lidar system’s performance and needs to be light
due to UAV payload limitations. In recent years, developments in laser scanners in the self-
driving and photography industries have led to the emergence of a series of off-the-shelf
light-weighted laser scanners (Table 1). Most of these laser scanners can measure an object
within a distance of 250 m and have a high range precision (≤5 cm), which is sufficient
for accurately extracting forest canopy height and other forest attributes. Many attempts
have been made to integrate UAV lidar systems using these laser scanners. For example,
Jaakkola et al. [18] provided an early example of UAV lidar for forestry applications using
the Sick LMS151 laser scanner. Wallace et al. [17] developed a UAV lidar system using the
Ibeo Lux laser scanner and deployed it to derive individual tree attributes. Guo et al. [16]
integrated a UAV lidar system using the Velodyne Puck VLP-16 laser scanner (Velodyne
Puck hereafter) to map three-dimensional (3D) forest habitats. The performance of these
laser scanners varied significantly. Some studies reported that for forestry applications
the RIEGL VUX-1UAV laser scanner (RIEGL VUX hereafter) is better than the RIEGL
miniVUX-1DL laser scanner (RIEGL miniVUX hereafter) and the Velodyne Puck laser
scanner [19,20]. Nevertheless, we still lack a comprehensive analysis of the performances
of different laser scanners for estimating forest inventory attributes under different flight
parameter combinations (e.g., height, velocity), which is of great importance for choosing
the optimum laser scanner for forest inventories.

Table 1. Specifications of unmanned aerial vehicle (UAV) light detection and ranging (lidar) sensors
used in the literature.

Laser Scanner Maximum
Range (m)

FOV
(◦)

Range
Precision

(cm)

Maximum
Measurement

Rate (kHz)

Weight
(kg)

RIEGL miniVUX-1UAV 250 360 1.0 100 ~1.55
RIEGL VUX-1UAV 1050 330 0.5 500 ~3.50
HESAI Pandar40 200 360 2.0 720 ~1.46

Velodyne Puck LITE 100 360 3.0 300 ~0.59
Velodyne HDL-32E 100 360 2.0 695 ~1.0

Ibeo LUX 150 110 4.0 976 ~1.0
Sick LMS511 PRO 80 190 2.5~5.0 100 ~3.7
Sick LD LRS1000 250 360 3.8 10 ~4.1

Hokuyo UTM30LX 30 270 3.0~5.0 25 ~0.37

Another concern of current UAV lidar systems is their relatively high cost when
compared to structure-from-motion (SfM) (also called digital aerial photogrammetry (DAP))
systems that use UAV optical imagery [21–23]. For example, a UAV lidar system integrated
with a Velodyne Puck laser scanner is one of the cheapest available options, but the
hardware of the laser scanner alone currently costs over $4000 USD. In comparison, high-
end optical cameras cost much less. For example, the Canon EOS 5D Mark II used in
Cao et al. [24] costs around $1300 USD, and the Zenmuse X5S used in Moe et al. [25]
costs around $2000 USD. Many studies have compared SfM point clouds with UAV lidar
for estimating forest structural attributes. Although SfMs require accurate digital terrain
models (DTMs) as a prerequisite input product [17,21,26] and may have difficulties in
estimating under-canopy structural information and terrain information [24,27], they can
accurately capture forest upper canopy information, such as maximum tree height, 90th
percentile of height, and canopy cover [24,27–30] and generate DBH, standing volume,
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and aboveground biomass estimates with similar accuracies to those obtainable from
certain low-cost laser scanners (e.g., Velodyne Puck) [24,31]. The relatively low cost and
comparable performance in capturing upper canopy information of SfM have been the
main reason for the limited traction of UAV lidar in large-scale forestry applications.

Recently, Da-Jiang Innovations (DJI) released an inexpensive light-weight laser scan-
ner, Livox MID40 (DJI Livox hereafter), for the self-driving industry. Its retail price is only
$599 USD, thus providing a great opportunity to reduce the cost of UAV lidar systems.
However, its performance in estimating forest inventory attributes has yet to be investi-
gated. Here, we aim to describe the development of a very low-cost UAV lidar system for
forest inventory applications that integrates the DJI Livox laser scanner. Its performance
for estimating forest inventory attributes was systematically compared to that of four other
UAV lidar systems equipped with a RIEGL VUX laser scanner, a RIEGL miniVUX laser
scanner, a HESAI Pandar40 laser scanner, and a Velodyne Puck laser scanner, respectively.
To the best of our knowledge, this study is the first evaluation of the performance of DJI
Livox for forestry applications. Forest managers and researchers can use this study as a
guide to the selection of the laser scanner best fitting their needs.

2. Development of the DJI Livox System

The very low-cost UAV lidar system developed by this study has six major compo-
nents (Figure 1): A DJI Livox laser scanner, a starNeto high-precision inertial measurement
unit (IMU), dual global navigation satellite system (GNSS) antennas, a long-range WiFi
antenna, and a microcomputer. The DJI Livox laser scanner (Livox Technology, Shenzhen,
Guangdong, China) weighs 760 g and measures 88 mm by 69 mm by 76 mm. It has a maxi-
mum detection range of 260 m with a ranging accuracy of 2.0 cm. It has a circular field of
view (FOV) of 38.4◦ and can emit 100,000 laser pulses per second at a wavelength of 905 nm.
The starNeto IMU (StarNeto Technology, Beijing, China) is used to provide the system
position and acceleration measurements at a frequency of 200 Hz. The dynamic accuracy
in both heading and position is 0.1◦ and the gyroscope bias stability and accelerometer
bias stability are 6◦/h and 0.01 mg, respectively. The dual GNSS antennas are used to track
high-precision trajectory information using the real-time kinetic method. The long-range
WiFi is used to remotely control the UAV lidar system and transfer the collected lidar data
for real-time display. The microcomputer is used to control the UAV system and store the
collected UAV lidar data. The integrated UAV lidar system can be mounted either on a
rotary or fixed-wing UAV. Here, we used a DJI Matrice 210 UAV (DJI Technology, Shenzhen,
Guangdong, China) since it has a relatively lower price and long flight time. The total cost
of the UAV lidar system is comparable to that of current mainstream SfM systems.

The lever-arm offsets and boresight angles are two important parameters for resolving
lidar point clouds from the raw lidar range measurements. Theoretically, the lever-arm
offsets can be measured from the UAV lidar system design, and the boresight angles
are specified by the laser scanner provider. However, these measurements usually have
unavoidable errors and significantly influence the resolved lidar point clouds [32,33]. To
minimize the influence of errors in level-arm offsets and boresight angles, we used a kinetic
plane-based approach to calibrate the system. This method was originally proposed for
airborne lidar systems [34,35] and has been recently shown that it can be used on UAV
lidar systems recently [16,36]. Detailed descriptions of the calibration algorithm can be
found in Guo et al. [16].
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Figure 1. An illustration of hardware components of the very low-cost UAV lidar system mounted to a Da-Jiang Innovations
(DJI) Matrice 210 developed for this study.

3. Performance Evaluation of the DJI Livox System

The performance of the developed very low-cost UAV lidar system was evaluated
in both coniferous and broadleaved forests and was compared with four other UAV lidar
systems equipped with a RIEGL VUX laser scanner (RIEGL Laser Measurement System
GmbH, Horn, Austria), a RIEGL miniVUX laser scanner (RIEGL Laser Measurement
System GmbH, Horn, Austria), a HESAI Pandar40 laser scanner (HESAI Technology,
Shanghai, China), and a Velodyne Puck laser scanner (Velodyne Lidar, San Jose, CA, USA),
respectively. A total of 52 flight-speed and flight-height combinations were used to collect
data from these UAV lidar systems. Four forest inventory attributes, including individual
tree height, canopy cover, gap fraction, and leaf area index (LAI), were calculated from
each collected dataset to provide a comprehensive understanding of the capability of each
UAV lidar system in estimating forest inventory attributes. Details of data acquisition, data
processing, and accuracy assessment are described below.

3.1. Study Area

The experiment was conducted in the Saihanba National Forest Park, Hebei Province,
China (42◦24′43.7′′ N 117◦14′46.4′′ E). Two study sites with different forest types (i.e., a
planted coniferous forest and a broadleaved forest) were selected within the study area
to evaluate the performance of the developed very low-cost UAV lidar system in forest
inventory applications (Figure 2). The coniferous forest site is about 16 ha in size (200 m
by 800 m) with a relatively flat terrain at ~1500 m ASL (above sea level). The dominant
tree species are Mongolian Scots pine (Pinus sylvestris var. mongolica) and larch (Larix
gmelinii var. principis-rupprechtii). The average canopy cover of the coniferous site is 67%,
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the average tree height is about 15 m, and the tree density ranges from 512 stems/ha to
1152 stems/ha. The broadleaved forest site is 13 ha in size (400 m × 330 m). Its dominant
tree species is white birch (Betula platyphylla). The average canopy cover is 63%, and the
average tree height is about 9 m. The tree density in the broadleaved site is higher, ranging
from 496 stems/ha to 2256 stems/ha.
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Figure 2. The location of the two study sites and field plots. The background satellite image was downloaded from Google;
it was acquired on 13 May 2018 by Airbus.

3.2. Data Collection
3.2.1. Field Data

A total of fifteen square plots (25 m by 25 m) were chosen in the two study sites to
evaluate the accuracy of the extracted individual tree heights from UAV lidar data; nine
plots were in the coniferous site, and six were in the broadleaved site (Figure 2). These
plots were designed with different tree densities to gain a comprehensive understanding of
the capability of the developed UAV lidar system in estimating individual tree attributes
(Figure 2). The location, DBH, and height of each individual tree with a DBH > 2 cm were
recorded in August and September 2019. Tree location was measured by a real-time kinetic
global positioning system unit from Huace Navigation Technology Ltd. (Shanghai, China),
tree height was measured by a Haglof laser rangefinder (Haglöf Sweden, Långsele, Väster-
norrland, Sverige), and DBH was measured with a diameter tape. Detailed information on
tree attribute statistics from plots in each tree density group is provided in Table 2.
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Table 2. The density, diameter at breast height (DBH), and height statistics in each tree density group calculated from field
measurements. Reported DBH and height are mean ± standard deviation.

Tree Density Category
Coniferous Forest Site Broadleaved Forest Site

Density
(Stems/ha)

DBH
(cm)

Height
(m)

Density
(Stems/ha)

DBH
(cm)

Height
(m)

Low 565 17.76 ± 6.79 15.59 ± 1.90 624 12.34 ± 5.45 9.30 ± 3.11
Medium 858 23.19 ± 6.43 13.27 ± 3.95 1128 12.59 ± 5.38 9.67 ± 2.58

High 1130 19.46 ± 3.85 16.87 ± 2.00 2096 10.84 ± 5.30 9.09 ± 2.79

3.2.2. UAV Lidar Data Acquisition

The quality of UAV lidar data usually varies with flight speed and flight height. To
get a comprehensive understanding of the capability of the developed low-cost UAV lidar
system, different flight height and flight speed combinations were used to collect DJI Livox
data. In the coniferous site, nine UAV flights with three flight speeds (i.e., 4 m/s, 6 m/s, and
8 m/s) and four flight heights (i.e., 100 m, 150 m, and 200 m) combinations were conducted
(Figure 3). Each flight had the same lateral overlap ratio (50%). The scan frequency was set
to the maximum measurement of the lidar sensor (100 Hz). After careful examination, the
flight height (150 m) and flight speed (6 m/s) combination that could balance both data
quality and data collection efficiency was selected to collect data in the broadleaved site.
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lines was determined by flight height.

To systematically understand the capability of the DJI Livox scanner on forest inven-
tory applications, the Greenvalley International LiAir UAV lidar series equipped with four
other laser scanners (i.e., RIEGL VUX, RIEGL miniVUX, HESAI Pandar40 and Velodyne
Puck) were used here to collect data as well. At the coniferous site, the flight specifications
were set similarly to the DJI Livox scanner. The flight speeds varied from 4 m/s to 8 m/s
with an interval of 2 m/s; the flight heights were changed from 50 m to 200 m with an
interval of 50 m, except in the case of the Velodyne Puck. Because the Velodyne Puck has
a maximum ranging distance of 100 m and only captures incomplete information at the
maximum ranging distance, its flight heights were set to 50 m and 75 m (Table 3). In the
broadleaved site, the flight specifications of all laser scanners were identical to those of the
DJI Livox scanner, except in the case of the Velodyne Puck scanner. Its flight height was set
to 75 m instead of 150 m considering its limited ranging capability (Table 3). In total, 51
UAV flights were conducted in the two study sites to collect UAV lidar data from RIEGL
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VUX, RIEGL miniVUX, HESAI Pandar40, and Velodyne Puck scanners for comparison.
The flight overlap ratio was set to 50% for each UAV flight.

Table 3. Flight specifications for the five UAV lidar systems (i.e., DJI Livox, RIEGL VUX, RIEGL miniVUX, HESAI Panda,
and Velodyne Puck) in the two study sites.

UAV Lidar System
Coniferous Forest Broadleaved Forest

Flight Height
(m)

Flight Speed
(m/s)

Scan Rate
(Hz)

Flight Height
(m)

Flight Speed
(m/s)

Scan Rate
(Hz)

DJI Livox 100, 150, 200 4, 6, 8 100 150 6 100
Velodyne Puck 50, 75 4, 6, 8 300 75 6 300

HESAI Pandar40 50, 100, 150, 200 4, 6, 8 720 150 6 720
RIEGL miniVUX 50, 100, 150, 200 4, 6, 8 100 150 6 100

RIEGL VUX 50, 100, 150, 200 4, 6, 8 400 150 6 400

Besides the data collection in the two forested study sites, the developed DJI Livox
system was also used to collect data in a built-up area to evaluate the horizontal and
vertical positioning accuracy of the system. The built-up site was 7.5 ha in size (1000 m by
75 m), and the UAV lidar data was collected at a flight height of 150 m and a flight speed of
6 m/s. The flight path overlap ratio was set to 50% as well. A total of 34 landmarks that
could be recognized in the lidar point cloud were identified, including 24 crosswalk lines
and 10 building corners. The lengths of the crosswalk lines and heights of building corners
were measured in the field with tapes or rangefinders.

3.3. Lidar Data Preprocessing

All UAV lidar measurements were preprocessed using the same procedures, which
included point cloud georeferencing, strip alignment, denoising, filtering, and normaliza-
tion. The raw range measurements were combined with the IMU and GNSS measurements
to generate georeferenced point clouds using the LiAquire software [16] and then the
flight alignment tool in the LiDAR360 software was used to reduce the misalignment
errors between flight lines. The adjusted point clouds of each UAV flight were denoised
using a statistical approach that identified outliers by determining whether the distance
between a point and its k neighboring points was larger than a threshold avg. + std. (where
avg. and std. represent the average and standard deviation of distances between points
and their k neighboring points) [37]. Ground points were extracted from the denoised
point clouds using an improved progressive triangulated irregular network densification
filtering algorithm proposed by Zhao et al. (2016). The ground returns of each UAV flight
were interpolated into digital elevation models (DEMs) at a resolution of 0.5 m using the
ordinary kriging method [38]. The lidar first returns were interpolated into digital surface
models (DSMs) using the same approach. Finally, we normalized the point clouds of each
UAV flight by subtracting the DEM value from the lidar point height.

3.4. Forest Inventory Attributes Extraction

Forest inventory attributes at two levels—individual tree level and plot level—were
extracted from the DJI Livox data. At the individual tree level, we first segmented indi-
vidual trees from the normalized points using point cloud-based methods. A top-down
point cloud-based method proposed by Li et al. [39] was used in the coniferous forest site,
and a bottom-up point cloud-based method proposed by Lu et al. [40] was used in the
broadleaved forest site following the suggestions from Yang et al. [41]. The automatic
segmentation results were visually examined and manually corrected to ensure a complete
understanding of the capability of the DJI Livox system for forest inventory applications.
Individual tree heights were then estimated as the difference between the highest and
lowest points of each tree. At the plot level, canopy cover, gap fraction, and LAI were
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estimated at a spatial resolution of 5 m. Canopy cover was calculated from the first returns
and single returns [42] according to Equation (1):

CC =
Fcanopy + Scanopy

Ftotal + Stotal
, (1)

where CC represents canopy cover, Fcanopy and Scanopy represent the first returns and single
returns, and Ftotal and Stotal represent the total first returns and single returns in the region
of calculation. The calculation of LAI was based on the Beer–Lambert law following the
equation provided by Richardson et al. [43]:

LAI =
− cos(θ)

0.5
× ln(GF), (2)

GP =
Nground

Ntotal
, (3)

where θ represents the mean LiDAR scanning angle and GP represents the gap fraction,
which was calculated as the ratio of ground points (Nground) and total points (Ntotal). A
height threshold of 2 m was used for calculating these forest attributes to remove the
influence of understory vegetation [44].

3.5. Evaluation of the DJI Livox System
3.5.1. Lidar Data Quality Assessment

The quality of the data collected by the DJI Livox system was assessed in three aspects:
Precision, relative positioning accuracy, and point density. Precision was evaluated by a
point-to-plane normal distance method using the data collected over the built-up area [45].
Points of 11 planar objects (including nine horizontal building rooftops and two vertical
building facades) were first visually identified from the field and manually cut out from
the DJI Livox data, and then a plane was fitted from points belonging to each object using
the least-squares fitting method. The normal distance of each point to its corresponding
fitted plane was calculated, and the horizontal and vertical precisions were evaluated by
calculating the mean and standard deviation of all horizontal or vertical distance residuals.
The relative positioning accuracy was evaluated by the 34 field-measured landmarks. The
differences between the horizontal or vertical height measured from the point clouds and
field measurements were first calculated and the mean and standard deviation of the
horizontal and vertical biases were used as the representation of the horizontal and vertical
accuracies. Additionally, the point density and ground point density at each flight height
and flight speed combination from the DJI Livox system were calculated at the 20 field plots
and randomly selected canopy vertical profiles were drawn to evaluate its performance in
depicting forest canopies.

3.5.2. Accuracy Assessment of Individual Tree Attributes

The accuracy of individual tree heights estimated from the DJI Livox system was
assessed by comparison with field tree height measurements. The location of each field-
measured tree height was matched with lidar-derived individual trees using the recorded
tree location, and manual registration was involved if there were difficulties in matching
them following the guidance from Guan et al. [46]. Two statistical measurements, i.e., coeffi-
cient of determination (R2) and root mean square error (RMSE), were calculated separately
for plots with different tree densities in each forest site, following Equations (4) and (5):

R2 = 1− ∑n
i = 1(xi − x̂i)

2

∑n
i = 1(xi − x)2 , (4)

RMSE =

√
∑n

i = 1(xi − x̂i)
2

n
, (5)
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where xi is a reference observation, x̂i is a predicted observation from UAV lidar data, x is
the average of all reference observations, and n is the number of reference observations.

3.5.3. Comparisons with Four Other UAV Lidar Systems

The data quality and estimated forest inventory attributes were further compared
with four other UAV lidar systems. In the data quality comparison, point densities and
ground point densities of each flight height and flight speed combination from the five
UAV lidar systems were calculated. Randomly selected canopy profiles were also drawn
for comparing their capability in depicting canopy vertical structure. Besides the data
quality assessment, we also compared their accuracies in estimating individual tree heights
and plot-level forest inventory attributes. Because we did not have field measurements
for plot-level forest inventory attributes, we used the RIEGL VUX as the reference for the
accuracy comparison, because the RIEGL VUX has been reported to outperform other light-
weighted laser scanners in deriving forest attributes at the plot level [47–49]. The individual
tree-height estimates and plot-level forest inventory attributes from the other four laser
scanners were derived following the same procedure as for the DJI Livox data. Moreover,
because there were multiple flight height and speed combinations in the coniferous site,
we only used the combination of 100 m flight height and 6 m/s flight speed for the RIEGL
VUX, RIEGL miniVUX, and HESAI Pandar40 and the combination of 75 m flight height
and 6 m/s flight speed for the Velodyne Puck to estimate individual inventory attributes.
As the plot-level forest inventory attributes from the reference RIEGL VUX data, we used
the flight combination of 50 m flight height and 4 m/s flight speed, since it can generate
the most complete forest canopy information.

4. Results
4.1. Data Quality Assessment

We evaluated the horizontal and vertical precisions and relative horizontal and vertical
accuracies of the developed DJI Livox system at the built-up site. The horizontal and
vertical precisions of the developed DJI Livox system were all lower than 5 cm, and the
vertical precision tended to be lower than the horizontal precision (with a higher mean
bias and standard deviation of bias) (Table 4). The relative horizontal and vertical errors
were around three to four times higher than the horizontal and vertical precisions, and the
relative vertical accuracy was lower than the relative horizontal accuracy as well (Table 4).

Table 4. The horizontal and vertical precisions and relative horizontals and vertical accuracies of the
developed DJI Livox system. Precisions and accuracies are reported in mean error and root-mean-
squared error (RMSE).

Mean Bias (cm) Standard Deviation of Bias (cm)

Horizontal precision 3.72 2.53
Vertical precision 4.75 3.57

Relative horizontal accuracy 12.10 13.25
Relative vertical accuracy 21.80 9.31

In the coniferous site, the developed DJI Livox system can capture the 3D forest
structures and terrain information at the flight height of 100 m (Figure 4a). As the flight
height and speed increased, the completeness of the forest canopy and terrain information
decreased. However, flight height had a greater influence on the quality of the acquired
DJI Livox data. At the flight height of 200 m, nearly no canopy information was captured,
although the terrain information was still well preserved (Figure 4a). Compared with the
other four UAV lidar systems, the DJI Livox system had a similar data quality performance
as the HESAI Pandar40, Velodyne Puck, and RIEGL miniVUX systems, although the RIEGL
miniVUX acquired more canopy internal information (Figure 4b–d). At the flight height of
200 m, the RIEGL miniVUX and HESAI Pandar40 captured much more canopy information
than the DJI Livox, although they had similar nominal ranging capabilities (Figure 4c,d).
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Among the five UAV lidar systems, the RIEGL VUX had the best performances across
all flight height and flight speed combinations (Figure 4e). It could even capture the tree
stem information at all three flight speeds at flight heights below 100 m, and the obtained
canopy information was influenced the least by flight height (Figure 4e).
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At the broadleaved site, the DJI Livox system captured much less canopy internal
information than at the coniferous site. Most canopy points from the DJI Livox system
were at the canopy surface (Figure 5a). Although it captured terrain information well,
canopy internal information was largely missing (Figure 5a). The performance of Velodyne
Puck was very similar to that of DJI Livox in capturing canopy information but it missed a
large proportion of terrain information (Figure 5b). HESAI Pandar40 and RIEGL miniVUX
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had similar performances that captured more canopy internal information than the DJI
Livox and Velodyne Puck (Figure 5a–d). The RIEGL VUX outperformed all other UAV
lidar systems and clearly depicted the canopy internal information and the terrain surface
(Figure 5e).
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The data quality of the developed DJI Livox system was further evaluated by the
total point density and ground point density. In the coniferous site, the DJI Livox system
generated a total point density comparable to the RIEGL miniVUX system, which was
much less than the Velodyne Puck, HESAI Pandar40, and RIEGL VUX systems (Figure 6a).
The increase of flight height and flight speed significantly reduced the total point density.
The total point density of DJI Livox, Velodyne Puck, and HESAI Pandar40 decreased by
over 90% with the increase in flight height, and by over 50% with the increase in flight speed
(Figure 6a). In comparison, flight height and flight speed had a much smaller influence on
the two REIGL systems (Figure 6a). In terms of ground point density, the developed DJI
Livox system performed comparably to the REIGL VUX and REIGL miniVUX systems at
the flight height of 100 m, returning a density that was around 1.5 to 2 times higher than that
of the HESAI Pandar40 and Velodyne Puck systems (Figure 6b). With the increase of flight
height and flight speed, the two REIGL systems maintained a high ground point density,
while the ground point density of the DJI Livox system decreased by 62% (Figure 6b). In
the broadleaved site, the DJI Livox system obtained a total point density over 100 pts/m2,
which was comparable to the HESAI Pandar40 and REIGL miniVUX systems but much
lower than the Velodyne Puck and REIGL VUX systems (Figure 6a). The ground point
density of the DJI Livox system was the highest in the broadleaved site, followed by the
REIGL VUX, REIGL miniVUX, Velodyne Puck, and HESAI Pandar40 (Figure 6b).



Remote Sens. 2021, 13, 77 12 of 21
Remote Sens. 2021, 13, x FOR PEER REVIEW 12 of 22 
 

 

 
Figure 6. Comparisons of (a) total point density and (b) ground point density acquired by five UAV lidar systems in the 
coniferous site (i) and broadleaved site (ii). 

4.2. Accuracy Assessment of Individual Tree Height Estimates 
Individual tree height estimates from the DJI Livox data fitted well with field meas-

urements in both coniferous and broadleaved sites (Figure 7). The accuracy of the extracted 
individual tree heights in the coniferous site was around 95%–96% for different flight 
heights (i.e., 100 m and 150 m) and flight speeds (i.e., 4 m/s, 6 m/s, and 8 m/s) combinations, 
and the RMSE ranged from 0.59 m to 0.65 m (Figure 7a–f). Moreover, the accuracy of indi-
vidual tree height estimates was similar across plots with different tree densities and was 
higher than 85% in all flight height and flight speed combinations (Figure 7a–f). The accu-
racy of individual tree heights in the plot group with low tree densities was the highest 
(R2 = 0.99, RMSE < 0.46 m) while in the plot group with medium tree densities it was the 
lowest (R2 > 0.83, RMSE < 0.82 m) (Figure 7a–f). The accuracy of individual tree height 
estimates in the broadleaved site was lower than that in the coniferous site (R2 = 0.70, 
RMSE = 1.63 m) (Figure 7g). Among tree plots with different tree densities, the medium 
group had the highest individual tree estimate accuracy (R2 = 0.89, RMSE = 0.91 m), followed 
by the low group (R2 = 0.61, RMSE = 1.60 m) and the high group (R2 = 0.57, RMSE = 2.13 m) 
(Figure 7g). 
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4.2. Accuracy Assessment of Individual Tree Height Estimates

Individual tree height estimates from the DJI Livox data fitted well with field measure-
ments in both coniferous and broadleaved sites (Figure 7). The accuracy of the extracted
individual tree heights in the coniferous site was around 95%–96% for different flight
heights (i.e., 100 m and 150 m) and flight speeds (i.e., 4 m/s, 6 m/s, and 8 m/s) combina-
tions, and the RMSE ranged from 0.59 m to 0.65 m (Figure 7a–f). Moreover, the accuracy
of individual tree height estimates was similar across plots with different tree densities
and was higher than 85% in all flight height and flight speed combinations (Figure 7a–f).
The accuracy of individual tree heights in the plot group with low tree densities was the
highest (R2 = 0.99, RMSE < 0.46 m) while in the plot group with medium tree densities it
was the lowest (R2 > 0.83, RMSE < 0.82 m) (Figure 7a–f). The accuracy of individual tree
height estimates in the broadleaved site was lower than that in the coniferous site (R2 = 0.70,
RMSE = 1.63 m) (Figure 7g). Among tree plots with different tree densities, the medium
group had the highest individual tree estimate accuracy (R2 = 0.89, RMSE = 0.91 m),
followed by the low group (R2 = 0.61, RMSE = 1.60 m) and the high group (R2 = 0.57,
RMSE = 2.13 m) (Figure 7g).
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Figure 7. Scatter plots between individual tree height estimates from the DJI Livox data and field measurements at different
flight height and flight speed combinations. Subplots (a–c) used the DJI Livox data at the flight height of 100 m and the
flight speed of 4 m/s, 6 m/s, and 8 m/s (from left to right) to derive individual tree height estimates in the coniferous site,
and subplots (b–f) used the DJI Livox data at the flight height of 150 m and the flight speed of 4 m/s, 6 m/s, and 8 m/s
(from left to right) to derive individual tree height estimates in the broadleaved site. Subplot (g) used the DJI Livox data at
the flight height of 150 m and the flight speed of 6 m/s in the broadleaved forest. The color of points represents the tree
density group, the solid blue line represents the fitted line, and the dashed yellow line represents the 1:1 line.

The estimated individual tree heights in the coniferous site from the DJI Livox system
had a similar accuracy compared to the other four UAV lidar systems. Their R2 values
were higher than 0.87, and the RMSE values were lower than 0.82 m (Figure 8). Among
plot groups with different tree densities, the performance of different UAV lidar systems in
the estimation of individual tree heights was consistently high as well. The low-density
group had the highest accuracy for all UAV lidar systems (R2 = 0.99, RMSE < 0.46 m)
while the medium density group had the lowest accuracy (R2 > 0.83, RMSE < 0.82 m)
(Figure 8). In the broadleaved site, there were larger discrepancies in individual tree height
estimates from different UAV lidar systems (Figure 8). The accuracy of individual tree
height estimates from the DJI Livox system was the lowest, except in the medium density
group (Figure 8). The RIEGL miniVUX system had the highest accuracy in general. Its
difference in R2 with the DJI Livox could be as large as 12%, and its difference in RMSE
could reach 0.7 m in the low-density group (Figure 8).
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4.3. Validation of Plot-Level Forest Inventory Attribute Estimates

Since we did not have in situ plot-level forest inventory attributes, we used the plot-
level attributes derived from the REIGL VUX system (flight height: 50 m; flight speed:
4 m/s) as the reference dataset to evaluate the capability of the DJI Livox system. In the
coniferous site, forest inventory attributes derived from the DJI Livox system fit well with
those derived from the REIGL VUX system (Figure 9). However, the performance of the DJI
Livox system varied significantly with forest inventory attributes and flight specifications.
The canopy cover estimates from the DJI Livox system had a general good linear correlation
with the reference dataset at the flight height of 100 m, and the R2 was the highest for the
flight with a speed of 6 m/s (Figure 9a,g,c). As the flight height increased to 150 m, we
observed a clear underestimation trend at medium canopy cover (0.6–0.8), although the
R2 values remained higher than 0.66 (Figure 9d,j,p). The gap fraction estimates from the
DJI Livox system showed a strong overestimation trend in the medium range (0.4–0.7),
and the amount of overestimation increased with flight height (Figure 9e,k,q). Moreover,
at the flight height of 100 m, the gap fraction estimated from the flight with a speed of
6 m/s was the highest among all flight speeds as well (Figure 9b,h,n). The LAI estimates
from the DJI Livox system had the lowest correlations with the reference dataset among
the three forest inventory attributes (Figure 9c,i,o,f,l,r). The LAI had a strong saturation
effect after reaching 4 m2/m2, and the estimation accuracy at the flight height of 150 m
was lower than that at the flight height of 100 m in general (Figure 9c,i,o,f,l,r). In the
broadleaved forests, the accuracies of the three plot-level attributes derived from the DJI
Livox system were slightly lower than those in the coniferous forest (Figure 9s–u). They
followed similar patterns as the estimates in the coniferous site, with canopy cover that
tended to be underestimated at medium range (0.4–0.8), gap fraction that tended to be
overestimated at medium range (0.4–0.7), and LAI estimates that tended to be saturated at
or above 4 m2/m2 (Figure 9u–w).
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at a flight height of 150 m and a flight speed of 6 m/s.

The accuracies of plot-level forest inventory attributes were compared with those
derived from the Velodyne Puck, the HESAI Pandar40, and REIGL miniVUX systems.
Since the plot-level forest inventory attributes derived from the REIGL VUX data (acquired
at the flight height of 50 m and flight speed of 4 m/s) were used as the reference dataset,
we did not include the REIGL VUX system in this comparison. The accuracies of the
plot-level canopy, gap fraction, and LAI were comparable to those derived from the HESAI
Pandar40 and REIGL miniVUX systems, which were much higher than the accuracies of
those attributes derived from the Velodyne Puck (Figure 10). Among the three plot-level
forest inventory attributes, the accuracies of canopy cover and gap fraction were generally
higher than that of LAI for all UAV lidar systems (Figure 10). In the broadleaved forests, the
accuracies of these three attributes derived from the DJI Livox system were the lowest, and
those from the other three UAV lidar systems were comparable (Figure 10). The accuracies
of canopy cover and gap fraction were higher than for LAI for all UAV lidar systems in the
broadleaved site as well, and the performances of HESAI Pandar40 and REIGL miniVUX
in the coniferous and broadleaved sites were more consistent than those of the other two
systems (Figure 10).
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5. Discussion

The relatively high cost of UAV lidar systems has been a major obstacle to their use in
large-scale forest inventory applications. In this study, we developed a UAV lidar system
that integrates the very low-cost DJI Livox laser scanner and investigated its usefulness for
deriving forest inventory attributes. Overall, the collected point clouds from the DJI Livox
system showed satisfying positioning accuracy. The horizontal and vertical precisions were
comparable to those of UAV lidar systems equipped with other laser scanners (Table 4),
such as Velodyne Puck (3 cm) [16], Sick LMS511 PRO (2~5 cm) [18], Ibeo LUX (4 cm) [50],
and Hokuyo UTM30LX (2~5 cm) [51]. The relative horizontal and vertical accuracies were
higher than the horizontal and vertical precisions, which might be partially caused by the
fact that certain landmarks in the point clouds (e.g., road line boundary, wall corner) were
difficult visually identify.

In the two forest sites, the DJI Livox system was able to capture variations in the
upper canopy (Figures 4a and 5a). The system can acquire lidar data with a point den-
sity higher than 100 points/m2 with flight heights lower than 150 m, which should be
sufficient for generating accurate plot-level forest inventory attributes using an area-based
approach [52,53] (Figure 6). The Velodyne Puck and HESAI Pandar40 systems have a
much higher point density than the DJI Livox system, but similarly to the DJI Livox system,
they missed a large proportion of lower canopy information, especially in the broadleaved
site (Figures 4 and 5), suggesting that the Velodyne Puck and HESAI Pandar40 systems
might provide heavily redundant information in the upper canopy. The REIGL VUX
outperformed all other UAV lidar systems in penetrating forest canopy (Figures 4e and 5e).
The REIGL miniVUX showed a good capability of depicting lower canopy information as
well, although it has a relatively low point density (Figures 4d and 5d), which might be
caused by its single-line scanning nature and low scanning frequency.
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Flight height had a strong influence on the data quality of the DJI Livox system. This
system missed all vegetation information at the flight height of 200 m, although it has a
nominal ranging distance of 260 m (Figure 4). This might be caused by its relatively low
sensitivity to low-intensity returns. The DJI Livox laser scanner can measure a range of 260
m only for objects with a reflectance higher than 80%. For comparison, the REIGL miniVUX
laser scanner can measure a range of 250 m for objects with a reflectance higher than 60%,
and the HESAI Pandar40 can measure a range of 200 m for objects with a reflectance higher
than 20%. The low sensitivity to low-intensity returns might also explain why the DJI
Livox system can capture terrain surface information at the flight height of 200 m while
missing nearly all vegetation information. Terrain surfaces generate stronger return signals
than vegetation [54], which should be easier to be detected and recorded. Therefore, the
DJI Livox system could be a valuable tool for terrain elevation mapping given that only 1
point/m2 is needed for generating DEMs at a resolution of 0.5 m to 1 m [38].

The DJI Livox system was able to accurately extract individual tree heights in the
coniferous site, and the accuracy was merely influenced by flight height and flight speed
(Figure 8). Moreover, the accuracy of extracted individual tree height from the DJI Livox
system was comparable to that of all the other four UAV lidar systems (Figure 9) and to
values reported by previous studies [50,55,56]. The performance of the DJI Livox system in
extracting individual tree height in the coniferous site was highly consistent in plots with
different tree densities as well. The slightly lower accuracy in the medium tree density
group might have been caused by the fact that tree heights had the largest variations in this
group (Table 2), which may have caused more obstructions and thus reduced the accuracy.
In the broadleaved site, the accuracy of the extracted individual tree heights from the DJI
Livox system was much lower than that of the other four UAV lidar systems. We believe
that this might be partially caused by its low sensitivity to low-intensity returns as well.
It is known that broadleaved forests have generally a lower reflectance than coniferous
forests [57], which may lead to missing data even in the upper canopy for the DJI Livox
system (Figure 9a). In contrast to the coniferous site, the medium tree density group in the
broadleaved site had the highest individual tree height accuracy, which might be caused
by the greater height homogeneity of the trees in this group (Table 2).

At the plot-level, the DJI Livox system retrieved comparable forest inventory attributes
to the high-end REIGL VUX system in the coniferous site (Figure 9). Its accuracy was
more sensitive to the flight height rather than the speed. With the increase of flight height,
the DJI Livox system tended to underestimate the canopy cover and overestimate gap
fraction in their medium ranges. This might be related to its relatively low capability of
depicting canopy internal information. In areas with very low canopy cover (i.e., large
gap fraction), the DJI Livox system acquired enough canopy internal points to calculate
canopy cover and gap fraction; in areas with high canopy cover (i.e., low gap fraction),
the canopy cover and gap fraction were largely defined by the upper canopy, and the
missing internal canopy information appeared to have less influence on the calculation
of canopy cover and gap fraction (Figure 11) [44]. Only in areas with medium canopy
cover, the inability to collect canopy internal information of the DJI Livox system leads to a
systematic underestimation or overestimation of canopy cover and gap fraction. Plot-level
LAI estimates were highly saturated after reaching 4 m2/m2. The difficulty in resolving
internal canopy information in areas with dense forest canopy might be the reason leading
to this effect as well [58]. In the broadleaved sites, the DJI Livox and Velodyne Puck systems
had much lower accuracies in estimating plot-level forest inventory attributes, while the
HESAI Pandar40 and REIGL miniVUX systems showed much smaller discrepancies in the
coniferous site, which further indicated the superiority of the latter in capturing canopy
internal information in broadleaved forests.
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Overall, the DJI Livox system was demonstrated to be competitive for capturing upper
canopy and terrain surface information, especially in the coniferous forest. However, it
still showed several major limitations. First, it had very low sensitivity to returned signals
with low intensity. This resulted in a large proportion of the internal canopy information
to be missed in areas with dense canopies, leading to large uncertainty in estimating plot-
inventory attributes. However, this is not a problem unique to the DJI Livox system. We
have found similar effects in the Velodyne Puck as well. How to compensate this effect
in the plot-level attribute estimation algorithms needs to be further studied. Second, the
DJI Livox system has a very narrow field of view (38.4◦), which means that more flight
lines are needed to complete a flight mission compared to other laser scanners. This is the
reason why we did not include a 50 m flight height in this study for the DJI Livox system,
as a single flight mission could not cover the whole study site with the limited UAV battery
life, and multiple flight missions may have introduced further errors in the comparison.
Recently, DJI has released an updated version of the Livox MID40 laser scanner (Livox
MID 70) with a field of view that can reach 70◦; this updated scanner may be able to
overcome this weakness. Considering its current weaknesses, we suggest using the DJI
Livox system with a flight height from 100 m to 150 m in areas with no high-density forest
canopies. Nevertheless, we believe that low-cost scanners like DJI Livox will play a very
important role in extending the use of UAV lidar in forest inventory applications. The
current cost of the DJI Livox system is only $600 USD and thus is even less expensive than
most structure-from-motion sensors on the market while not requiring pre-mapped DEMs
to derive forest inventory attributes [17,21,26] and providing a much higher accuracy for
estimating both individual tree-level and plot-level attributes [24,27].

6. Conclusions

In this study we developed a very low-cost UAV lidar system by integrating the
recently released DJI Livox Mid40 laser scanner ($600 USD) with an off-the-shelf UAV. We
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compared its capability to derive forest inventory attributes with both field measurements
and four other high-end UAV lidar systems, i.e., Velodyne Puck, HESAI Pandar40, REIGL
miniVUX, and REIGL VUX. The developed DJI Livox system has a horizontal and vertical
precision of less than 5 cm, and relative horizontal and vertical accuracies of 12.10 cm and
21.80 cm, respectively. It accurately captured the vertical canopy structure of a coniferous
forest site and the upper canopy structure of a forest broadleaved site. We demonstrated
that the system clearly retrieved terrain surface information at both study sites. Flight
height was the major factor influencing the data quality of the Livox system, and a flight
height lower than 150 m is suggested in forest inventory applications. Moreover, the
DJI Livox system accurately estimated individual tree height across plots with different
tree densities in both coniferous (R2 ≥ 0.95, RMSE ≤ 0.66 m) and broadleaved (R2 = 0.7,
RMSE = 1.63 m) sites, although the accuracy in the broadleaved site was slightly lower.
Plot-level estimates of canopy cover (R2: 0.61–0.78, RMSE: 0.15–0.28), gap fraction (R2:
0.50–0.80, RMSE: 0.13–0.31), and LAI (R2: 0.44–0.67, RMSE: 0.91–1.60 m2/m2) agreed
with those from the REIGL VUX system, although the DJI Livox systems had systematic
biases in areas with medium to high canopy densities. The overall performance of the
developed DJI Livox system was comparable to the Velodyne Puck, HESAI Paranr40, and
REIGL miniVUX systems in the coniferous site, and was slightly lower than that of the
HESAI Paranr40 and REIGL miniVUX systems in the broadleaved site. The relatively low
sensitivity to returns with low intensity and narrow field of view of the DJI Livox system
appear to be the two major weaknesses for forest inventory applications. Nevertheless,
we believe that such a system will largely expand the use of UAV lidar in forest inventory
applications by overcoming the current major obstacle, which is the high cost of other
scanners. The results of this study can help other forest researchers and managers choose
the appropriate UAV system and flight specifications to fit their needs.
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