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Abstract 

UAV systems are considered effective tools to collect information regarding crops.  In this study, the rice 

growth was observed by a small UAV-based LiDAR system from above. For developing the system, DJI S800 

was chosen as a platform on which a non- survey-grade laser scanner HOKUYO UTM30LX-EW was 

mounted. Field experiments were carried out from late June to late early August 2017 in Nagaoka city, 

Niigata Prefecture, Japan. Percentile analysis is applied to locate the top and bottom positions of rice plants 
in three targeted areas. LIDAR-derived plant height is computed by taking the difference between the bottom 

and the rice plant's top. As a result, the LiDAR-derived canopy height well correlates to rice plant height 

(R2≥0.86; RMSE <6.0 cm). The small root means square error (RMSE =4.9 cm) is achieved with area 3. In 

the general case, the RMSE is 5.5 cm (R2=0.88). These results illustrate the capability of estimate plant height 

before the heading stage from UAV- based LiDAR point clouds without ground surface detection. 

 
1. Introduction 

Over the past decades, rice growth has been 

validated directly on the field based on the value of 

the rice plant's physical parameters such as plant 

height, the number of stems, leaves colors 

(Yamamoto et al., 1994). From these results, the 

farmers give their decision for controlling the rice 

growth based on their experiments. In general, these 
mentioned parameters are measured periodically to 

ensure the rice plant grows well. In detail, rice leaf 

color indicates rice leaf nitrogen content (Singh et 

al., 2012 and Wang et al., 2013). Plant height and 

stem number change over time and enormously 

increase in the vegetation phase of the rice plant 

growth. The number of rice plant stems is the first 

component of rice yield. With the grain weight and 

spikelet per panicle, the rice plant stem number 

determines the rice yield (Wang et al., 2007 and 

Badshah et al., 2014). The rice plant height indicates 

the rice plant growth, which is also a common factor 
studied to monitor the rice growth rate. Both rice 

plant height and stem number determine the rice 

yield ( Wang et al., 2007, Badshah et al., 2014, 

Thomas et al., 1994, Fernandez et al., 2009; Bai et 

al., 2011). Up to date, rice growth has been 

validated by counting the number of rice leaves, 

measuring the leaf area index, fresh and dry weight, 

and crop biomass (Dobermann and Pampolino 1995, 

Takai et al., 2006, Hasanuzzaman et al., 2010 and 

Bendig et al., 2014). However, collecting this 

information by fieldwork is a labor-intensive task. 

The recording and storage of collected data 

sometimes would be subject to unintentional 
mistakes due to technicians' carelessness.  

Today, remote sensing is considered an effective 

method to quickly and accurately collect the entire 

field's data or only on-demand parts of the area, but 

fewer labor costs (Atzberger, 2013 and Willers, 

2012). In detail, vegetation indices derived from 

optical satellite images are used for cropland 

identification and yield forecasting (Tennakoon et 

al., 1992 and Fablo and Rembold, 2001). Radar 

images have also been popular used for monitoring 

rice crops by exploiting the high backscatter 

increase at the beginning of the growing cycle (Shao 
et al., 2001 and  Bouvet and Le Toan, 2011). 

However, removing the effect of cloud cover is the 

biggest problem of using optical satellite images. 

Biophysical rice plant variables have also been 

obtained from the SAR sensor's backscattering 

coefficients (Koppe et al., 2013 and Inoue et al., 
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2014). In general, using satellite images, we can get 

the information on a large scale. Their spatial 

resolutions are selected depending on the size of the 

target object and each study's purpose. In several 

meters, the normal resolution is good enough for 

monitoring crop growth differences among plots or 

fields. However, in precision agriculture, the 

difference in crop growth inside each plot is 

focused. In such a situation, the spatial resolution 
and long revisit period of existed satellite image and 

are not enough for the analysis. Photogrammetry is 

also suggested for monitoring the crop growth 

information. However, it is costly to obtain up-to-

date images; the received data quality is unstable, 

the data processing is complicated. Low altitude 

remote sensing (LARS) systems or UAV-based 

remote sensing systems are developed for many 

purposes, including rice crop monitoring (Swain and 

Zaman, 2012). The nitrogen nutrition status of rice 

plants has been estimated from color digital images 
(Li et al., 2010 and Lee, 2013). Besides nitrogen 

status, digital camera-derived vegetation indices 

have been used for monitoring seasonal rice growth 

in quantitative (Sakamoto et al., 2011). However, 

rice plant height and the number of stems are not 

easy to obtain from digital camera photos. In 

general, each method has both advantages and 

disadvantages. Based on the specific purpose of 

each study, the suitable method is selected. 

The laser scanning technology has been a 

valuable method for collecting dense and accurate 
spatial data in a short time (Lichti et al., 2012). This 

technique can be applied for monitoring forests or 

small plants of crops. In the most application, laser 

scanning data are usually classified to generate the 

high accuracy digital surface model,  digital 

elevation model with high resolution (Mcintosh et 

al., 2000 and Ma, 2005), or estimating canopy 

height (Wang and Glenn, 2008, Huang et al., 2009, 
Zawawi et al., 2005, Sibona et al., 2017, Ehlert and 

Heisig, 2005 and Ehlert et al., 2006 and 2010 ), 

canopy structure (Rice et al., 2005), carbon stork 

(Maan et al., 2005) and vertical plant density profile 
(Hosoi et al., 2006 and 2009). The terrestrial laser 

scanner (TLS) can provide a fast and accurate 

procedure to collect the rice crops information (Tilly 

et al., 2004, Kaizu et al., 2012 and Zhang and Grift, 

2012), but this is expensive equipment. The ground 

surface position or another reference surface close 

to the ground were required for computing plant 

height. Unfortunately, such a surface cannot always 

be determined, especially in wetland paddies or 

densely packed crops. The incident angle affects the 

obtained point clouds. Besides, for dense rice fields, 
the accessibility of laser pulses to the rear trees is 

limited because the previous rice plants themselves 

obscure them. To solve the mentioned problems of 

TLS, we proposed a method for rice plant height 

estimation using LiDAR measurements above rice 

canopy without the ground surface detection (Phan 

et al., 2016). This method was evaluated based on 

3D point cloud data analysis in a small area that was 

acquired by a LiDAR sensor above rice plants. In 

the mentioned paper, SICK and Hokuyo UTM 

30LX were mounted on a fixed frame at the height 
of 3 m from the paddy surface to observe the rice 

plant's small area. A UAV- based laser scanner 

system is considered as a useful tool to quickly 

collect 3D point cloud data of rice plants in a wide 

area. In this study, preliminary research is carried 

out to evaluate our proposed method's applicability 

in a wide area based on an analysis of 3D point 

cloud data of rice plants collected by a UAV-base 

LiDAR system at a low altitude (3 to 5 meters). For 

reducing the cost of equipment, the developed 

system is assembled by a low-cost UAV and a non-
survey grade LiDAR sensor. 

 

2. Materials and Methods 

2.1 The Developed UAV-based LiDAR System 

For developing the system, all devices are selected 

under low-cost, compact, and light-weight 

requirements. In detail, the chosen platform is a hex-

rotor aircraft, DJI spreading wings S800 with a 

maximum of 2.5 kg of payload. DJI Wookong-M 

controls this UAV, a popular autopilot with 0.5 m 

and 2 m accuracy in vertical and horizontal, 
respectively. The UTM 30 LX- EW laser scanner, 

known as a LiDAR sensor, is fixed in a vertically 

downward direction. This device is mounted on a 3-

axis gimbal (TAROT 5D) to maintain its horizontal 

attitude. The Sensor-Com Kit recorded data at a rate 

of 5Hz for locating the position of the UAV system. 

Sensor controlling and data recording is performed 

by Raspberry Pi 2. A GoPro Hero3 was installed in 

front of the UAV itself to record a scene under the 

UAV. Finally, the whole system is supplied the 

power by Pin Lithium Polymer (LiPo) for capable of 

flight times of about 8 minutes. The developed 
system and its devices are clearly illustrated in 

Figure 1. 

 

2.2 Data Acquisition 

For setting up the test field, a field in Nagaoka city, 

Niigata Prefecture, was targeted in this study. For 

establishing the test field, the Koshihikari rice 

variety was transplanted in the targeted field on May 

31, 2017. Planting density was 16.7 plants.m-2 with 

planting geometry of 30 cm x 20 cm. A missing 

plant area occurred due to using a transplanting 
machine. Ten reflectors were placed in the field to 

identify the target area easily on 3D point cloud data 
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acquired by the UAV-LiDAR system (Figure 2). 

Reflector positions were also used as GCPs for 

generating 3D point cloud data. Two reflectors at 

the east and west ends were used as landmarks for 

the flight's start and end points. To collect the data, 

field experiments were carried out during the 

vegetation phase of the rice plant from late June to 

late July 2017. The flight path was set along the 

centerline of the target area. The UAV system flew 

over the target field under automatic control mode at 

the set altitude of 5 m above from the paddy surface 

to collect the rice field data below. 

 

 
Figure 1: Developed UAV-based laser scanner system (a) top view and (b) front view 

 

Table 1: Specifications of UTM 30LX-EW 
 

Wavelength 905 nm 

Field of view 270 degrees 

Angular resolution 0.25 degrees 

Scan speed 25 msec 

Accuracy ± 30 mm(<10m) 

 

 
 

Figure 2: Ten reflectors are arranged on the experimental site to locate the position of target areas 
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The low flight altitude was set up to make sure that 

the rice leaves can be observed. The intensity raw 

image in which UTM 30LX-EW data was directly 

arranged, exported, and checked right after 

completing the experiment to ensure the quality of 

collected data. During the experimental period, the 

rice plant was almost stand up straight. It was 

expected that the top of rice plant could be observed 

by LiDAR sensor in a windless situation in such a 
condition. After completing each experiment, rice 

plant height and stem number were measured 

directly for the validation data. As a result, eight 

experiments had been performed in total. The 

reflectors were recognized on the intensity raw 

image. However, the arrangement of those was 

deformed in each observation. It has occurred that 

the flight paths (altitude and horizontal position) 

were unstable due to the flight performance limit of 

S800 and Wookong-M. The flight altitude was 

different in each observation and varied from 4 to 7 
(m). Therefore, the collected data must be corrected 

for further analysis.  

 

2.3 Methodology 

2.3.1 Generation of 3D point clouds 

For generating 3D point clouds, the UAV position 

was first calculated by the post kinematic 

positioning from data recorded by a single 

frequency GPS receiver. It was assumed that the 

laser scanning plane is vertical, and the average 

vector of the laser scanning plane is matched to the 
flight direction (the nose direction). For each 

scanning point in any scanning plane (Figure 3a-b), 

its coordinates in the UTM30 LX-EW object 

coordinate system (LIDAR sensor coordinate 

system) are expressed as equation (1). 

 

(

𝑥𝐿

𝑦𝐿

𝑧𝐿

) = (
−𝑟 ∙ 𝑠𝑖𝑛𝜃

0
−𝑟 ∙ 𝑐𝑜𝑠𝜃

) 

Equation 1 

Where:  

𝑷𝑈𝑇𝑀 = (𝑥𝐿, 𝑦𝐿 , 𝑧𝐿)𝑇 : The coordinate of 

scanning point in LiDAR sensor coordinate system 

𝑟 : Observed range 

𝜃 : Scanning angle 

 

Then, the position of the UAV  (𝑷𝑈𝐴𝑉 =
(𝑥𝑢𝑎𝑣 , 𝑦𝑢𝑎𝑣 , 𝑧𝑢𝑎𝑣)𝑇) is calculating from GPS data by 

applying the post kinematic positioning method. 

The relationship between the origin of the LiDAR 
sensor and the 8th of the Japan orthogonal coordinate 

system is displayed in Figure 3. The coordinate of 

all scanning points in the LIDAR sensor coordinate 

system is transformed to the 8th of the Japan 

orthogonal coordinate system, using equation (2). 

 

𝑷 = 𝑹𝑧 𝑷𝑈𝑇𝑀 + 𝑻 + 𝑷𝑈𝐴𝑉 

Equation 2 

 

Where:  

𝑷 = (𝑥, 𝑦, 𝑧)𝑇 is the coordinate of scanning point in 

the 8th of the Japan orthogonal coordinate system.  

𝑻 = (𝑥𝑡 , 𝑦𝑡 , 𝑧𝑡)𝑇: is the offset between the origin of 

the UTM30 LX-EW and the GPS antenna position. 

𝑷𝑈𝐴𝑉 = (𝑥𝑢𝑎𝑣 , 𝑦𝑢𝑎𝑣 , 𝑧𝑢𝑎𝑣)𝑇 : imply the position of 

UAV in the 8th of the Japan orthogonal coordinate 

system. The 𝑹𝑧 is written by equation (3) with the 

counterclockwise rotation angle 𝛼. 

 

𝑹𝑧 = (
cos 𝛼 sin 𝛼 0

−sin 𝛼 cos 𝛼 0
0 0 1

) 

Equation 3 

 

However, the developed UAV-LiDAR system did 

not include the recording nose direction sensor. 

Additionally, the UAV position data calculated by 

the post kinematic positioning in this study using the 

RTKLIB were almost in RTK float. 

 
Figure 3: Illustration of the relationship between LiDAR sensor's origin and the 8th of the Japan orthogonal 

coordinate system. (a) X-Z plane and (b) Y-Z plane in LiDAR sensor coordinate system, (c) The position of 

LIDAR sensor origin and GPS antenna are different, and (d) the nose direction of UAV. 
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Therefore, the 3D point cloud must be corrected. 

For this, the nose direction was assumed unchanged 

over the target area. A tentative 3D point cloud was 

generated with zero degrees of nose direction (α=0). 

Then, the point cloud's horizontal coordinates were 

corrected by applying the Affine transformation 

based on the horizontal coordinates of markers. 

Finally, the mean value of markers' vertical 

coordinates was used to convert the vertical 
coordinate of the 3D point cloud.  

 

2.3.2 LiDAR-derived canopy height 

The coordinates of target area corners are identified 

by offsetting all reflectors' coordinates to the center 

at a distance of 0.5m. In this way, the reflectors are 

completely removed from the extracted data. The 

data of three target areas in each experiment are 

extracted. The plant height estimation method 

developed in our previous study (Phan et al., 2016) 

is applied to the vertical distance data acquired by 
the developed UAV- based LiDAR system. Phan et 

al. (2016) clarified the relationship between LiDAR-

derived rice plant height and the rice plant height 

directly measured on the field before the heading 

stage (from June to late July). To apply our previous 

method, it is necessary to locate the rice plant's top 

and bottom positions by using percentile analysis. 

According to our previous study  (Phan et al., 2016), 

the top and bottom of rice plant height are identified 

at 1st and 95th percentile rank, respectively. Finally, 

LiDAR-derived canopy height is calculated by 
taking the difference between the bottom and the 

rice plant's top (equation 4). In this way, the ground 

surface had not detected. To reduce the effect of 

ununiformed rice growth in a large area, each target 

area is divided into many sample areas with 0.5 m 

of spatial resolution., the LiDAR-derived canopy 

height computing process applies to all samples. 

The LiDAR-derived canopy height represents for 

each target area is the average LiDAR-derived 

canopy height all samples locate inside it.  

 

𝐻𝑙𝑎𝑠𝑒𝑟 = 𝐷95 −  𝐷1 

Equation 4 

 

Where:  

𝐻𝑙𝑎𝑠𝑒𝑟: LiDAR-derived rice plant height 

𝐷95: the value of vertical distance corresponding to 

the 95th percentile rank 

𝐷1: the value of vertical distance corresponding to 

the 1st percentile rank 

 

3. Results 

3.1 Manual Measurement Results 

As mentioned above, the rice plant height and stem 

number are manually collected in each experiment. 

In total, there are nine measurements performed 

during the observed period. During the experimental 

period, rice plant height and number of stems 
increases rapidly. Their changes are displayed in 

Figure 4. In detail, rice plant height linearly 

increases from 30 to 86 (cm). The number of stems 

varies from approximately 160 stems.m-2 to about 

470 stems.m-2 and reaches the maximum value on 

July 21, 2017 (approximate 50 days after 

transplanting). In general, the standard deviation of 

average plant height and stem number is less than 2 

cm and approximate 30 stems.m-2 for three target 

areas. As a result, there is an insignificant difference 

between the value of plant height and the number of 
stems in the three target areas. As a result, the rice 

grown in the test field is assumed uniform. 

 

 
Figure 4: The average value of rice plant height and number of stems in three target areas 
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3.2 Relationship between LiDAR-Derived Canopy 

Height and Plant Height 

According to Figure 5, the distributions of scanning 

points in three areas are similar and changed over 

time. In the first observation, the paddy was covered 

by water, and most laser pulses could not reach the 

ground surface. Therefore, the histogram peak 

implied the level of the water surface. As a result, it 

was higher than the histogram peak in the second 
observation. The down-skew distribution in the 

second observation implies that the rice plant was 

small and could not cover the ground surface; 

therefore, large laser pulses reach the ground 

surface. 

Along with the growing up of rice plant, the number 

of laser pulses reaching the ground surface 

decreases because the rice plant itself hides the 

ground surface, and the histogram peak was moving 

up. Besides, the calculated LiDAR-derived canopy 

height in three areas is an insignificant difference 
(Figure 6). This result shows that the LiDAR-

derived canopy heights are matched to the rice 

growth conditions in three test areas. The decrease 

of LiDAR-derived canopy height in the last 

observation on August 4 (65 DAT) might be caused 

by the downward of rice leaves. This phenomenon 

will affect the relationship between LiDAR-derived 

canopy height and plant height in this area. The 

correlation between LiDAR-derived canopy height 

and plant height is displayed in Figure 7 when 
LiDAR-derived canopy height is plotted against 

plant height. The regression lines show a high 

coefficient of determination (R2≥0.82). This 

relationship is expressed by a formula applied for 

estimating plant height from point cloud data. To 

evaluate results, estimated rice plant heights are 

compared with measured plant height. The small 

root means square error (RMSE= 7.7 cm) is 

achieved in the general case. The smallest RMSE is 

achieved in area 3 (RMSE = 6.0 cm). These results 

illustrate the capability of estimate plant height form 
UAV- based LiDAR point clouds 

 

 
Figure 5: The histogram of the point cloud in target area 2. The red dash lines show the position of the 

histogram peaks in the two first observations. The histogram peak in the first observation implied the level of 

water surface, and it was higher than the histogram peak in the second observation 

 
Figure 6: The value of LiDAR- Derived canopy height in three areas 
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Figure 7: Plots of LiDAR-derived canopy height against plant height in (a) area 1, (b) area 2, (c) area 3, and 

(d) combine data in three areas 

 

4. Discussion 

According to our method, for estimating rice plant 

height from laser point clouds, the relationship 

between measured rice plant height and LiDAR-

derived plant height is first identified.  According to 

the results, the LiDAR-derived plant heights in the 

three targeted areas are insignificantly different. 

However, in the last observation, the LiDAR-
derived plant height is decreased. This result 

disagrees with the collected rice growth 

information. Downward rice leaves may cause this 

phenomenon by the wind generated by the 

propellers of UAV. For time-series data analysis, 

the most important is that the input data must be 

extracted from the same targeted area. The reflectors 

are used to ensure that the collected data is extracted 

from the same area to solve this problem. In this 

study, data in three targeted areas are extracted after 

applying many correction methods. As a result, we 

select successive areas within the same field with 
uniform growth to approximate the relationship 

between LiDAR-derived canopy height and plant 

height.  

 The histograms of extracted data are displayed 

in Figure 5. When the rice plant was small in several 

first observations, the histogram of point clouds 

must be down-skew distribution. However, the 

histogram peak position in the first observation was 

located higher than it was in the second observation. 

The histograms of extracted data are displayed in 

Figure 5. When the rice plant was small in several 
first observations, the histogram of point clouds 

must be down-skew distribution. When the rice 

plant is growing up, the ground surface was hidden 

by the rice plant; therefore, laser pulses emitted 

from the LiDAR sensor are fallen on rice plants 

themselves and could not reach the ground surface. 

As a result, the histograms of the rest observations 

were changing into a normal distribution. Moreover, 

the water depth of the target field was 7 cm in the 

first observation. There is a possibility that the laser 

pulses cannot reach the field surface because of 

water-filled rice paddy. As a result, in the first 

observation, the histogram peak shows the water 

level position. The histogram peak position in the 

first observation was located higher than in the 
second observation when the water was depleted. 

For this phenomenon, it is necessary to investigate 

the cause through additional experiments and data 

analysis in the future. 

Besides, the flight altitude of the UAV itself is 

unstable in some cases. These conditions are related 

to the accuracy of estimating rice plant height. By 

applying Affine transformation and dividing the 

target area into many sub-areas with square meter 

size for computing LiDAR-derived canopy height, 

the effect of fluctuating flight is reduced. According 

to the results, a good correlation between measured 
plant height and LIDAR-derived plant height is 

determined (Figure 7). As mentioned above, the 

decrease of LiDAR-derived canopy height in the 

last observation on August 4 (65 DAT) might affect 

the relationship between LiDAR-derived canopy 

height and plant height. 

Moreover, in the previous study (Phan et al., 

2016), the last observation was performed in late 

July. The linear relationship between LiDAR-

derived canopy height and plant height has been set 

up with a regression slope of 1,2 and 12.4 cm of 
bias value. The last observation is eliminated to 

ensure the accuracy of the relationship between 

LiDAR-derived canopy height and plant height in 

this study. As a result, the estimated error is 

improved. In detail, in the general case, the 

regression slope is decreased from 1.98 to 1.79, the 

plant height estimation error (RMSE) is 5.5 cm, and 
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the coefficient of determination (R2) is 0.86. In area 

1, the results are not as good as in other areas 

(RMSE= 5.4 cm; R2=0.88). The better result was 

achieved with area 3, where the flight altitude was 

more stable (R2= 0.90; RMSE = 4.9 cm). In area 2, 

the estimated results are achieved with R2=0.86 and 

5.7 cm of RMSE. These results are acceptable and 

consistent with Phan et al., 2016 (R2 ≥ 0.86; RMSE 

4 (cm)) in the case study of small target areas, 
uniform rice growth, and the sensor's installation 

height was fixed. This study's steeper of regression 

slope might cause by the more considerable 

observed distance and footprint size. This result 

implies that our method is suitable for estimating 

plant height without ground surface detection from 

UAV- based LiDAR point cloud. The better results 

of RMSE in the previous study were achieved 

because the installation height of the LiDAR sensor 

was stable, and the target area was less than 1m2.  

Although a non-survey grade laser scanner is 
used, and the UAV altitude is unstable, the result of 

RMSE of 5.5 cm in combination is slightly inferior 

to our previous study and Tilly et al. (RMSE =5 

cm). Still, it is better than the result of Zhang and 

Grift (RMSE= 14 cm) and Kaizu et al. (RMSE= 10 

cm). Therefore, the possibility of wide-area 

estimation of rice plant height using an inexpensive 

UAV laser measurement system is considered.  

 

5. Conclusions 

In this paper, the test field was observed with 
HOKUYO UTM 30 LX-EW laser scanner mounted 

on the UAV. We try to estimate rice plant height 

from UAV- based LiDAR point cloud without 

ground surface detection. For this, the LiDAR-

derived canopy height has calculated the difference 

of vertical distance of the scanning point at 95 and 1 

percentile ranks in the area considered consistent 

growth. According to the results, and last 

observation is eliminated because of the poor 

quality of experimental data. Although the flight 

altitude is unstable, the LiDAR-derived canopy 

height correlates to plant height (R2 ≥ 0.86). Based 
on the fieldwork results, the relational expression 

coefficient for converting LiDAR-derived canopy 

height into plant height was obtained. This 

coefficient might be affected by at least the cultivar, 

cultivation condition, degree of the foliage at the 

time of measurement, the arrangement of rice plant, 

laser incidence angle (inclination and scanning 

angle of the scanning surface), laser footprint 

diameter, the wavelength of the laser light. The 

effect of unstable flight altitude is reduced by 

analyzing the sub-area for each target area. As a 
result of estimating plant height using the obtained 

relational expression, the plant height was estimated 

with an error of approximately 5.5 cm in the whole 

analysis region.  

Currently, the analysis region is set at several 

square meters. The acceptable result is achieved by 

doing the data processing for the sub- area of one 

square meter. In the future study, using the wider 

scanning angle as the analysis region, the larger 

region's information can be analyzed with one flight. 

In such a situation, the laser incident angles' effect 
must be carefully considered, and the impact of 

unstable flight altitude must be reduced. Moreover, 

other LiDAR devices can be selected for the 

following study. With the popularization and 

deployment of LiDAR in automobiles, LiDAR is 

becoming smaller and lower price. It will make it 

easier to choose a suitable LiDAR sensor to be 

mounted on compact UAVs. In general conclusion, 

this study confirms the capability of estimating plant 

height before the heading stage of the rice growth 

period over a wide area by our previous developed 
method to point clouds collected by the UAV-based 

LiDAR system. 
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