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Plant growth rhythm in structural traits is important for better understanding plant response to the ever-changing environment.
Terrestrial laser scanning (TLS) is a well-suited tool to study structural rhythm under field conditions. Recent studies have used TLS
to describe the structural rhythm of trees, but no consistent patterns have been drawn. Meanwhile, whether TLS can capture
structural rhythm in crops is unclear. Here, we aim to explore the seasonal and circadian rhythms in maize structural traits at both the
plant and leaf levels from time-series TLS. The seasonal rhythm was studied using TLS data collected at four key growth periods,
including jointing, bell-mouthed, heading, and maturity periods. Circadian rhythms were explored by using TLS data acquired around
every 2 hours in a whole day under standard and cold stress conditions. Results showed that TLS can quantify the seasonal and
circadian rhythm in structural traits at both plant and leaf levels. (1) Leaf inclination angle decreased significantly between the jointing
stage and bell-mouthed stage. Leaf azimuth was stable after the jointing stage. (2) Some individual-level structural rhythms (e.g.,
azimuth and projected leaf area/PLA) were consistent with leaf-level structural rhythms. (3) The circadian rhythms of some traits
(e.g., PLA) were not consistent under standard and cold stress conditions. (4) Environmental factors showed better correlations with
leaf traits under cold stress than standard conditions. Temperature was the most important factor that significantly correlated with all
leaf traits except leaf azimuth. This study highlights the potential of time-series TLS in studying outdoor agricultural chronobiology.

1. Introduction

Plant growth rhythm depicts biological and physiological
behaviors of plants, such as “tree sleeping” at night [1–3],

which is controlled by an endogenous timing mechanism
(i.e., biological clock) and/or exogenous environment [4, 5].
Plant growth rhythm exists in most organisms [6]. Exploring
the mechanism of plant growth rhythm is important for

AAAS
Plant Phenomics
Volume 2021, Article ID 9895241, 15 pages
https://doi.org/10.34133/2021/9895241

https://orcid.org/0000-0003-1150-336X
https://orcid.org/0000-0001-8286-300X
https://orcid.org/0000-0002-7655-8997
https://doi.org/10.34133/2021/9895241


understanding the response and adaptation strategies of dif-
ferent plants to the ever-changing environment [4, 7].

Plant growth rhythm has been extensively and accurately
studied in plant physiology [7–9], but has rarely been
explored in structure. Plant structural rhythm is regulated
by both the biological clock and environment, which can
directly capture plant structure dynamics and their relation-
ships with plant functions [10]. It is becoming a promising
direction to understand plant rhythm which is now more
easily accessible with the development of sensing technolo-
gies, computer vision, and deep learning algorithms [11, 12].

Light detection and ranging (LiDAR), an emerging active
sensing technology less influenced by the natural illumination
conditions, measures the three-dimensional (3D) structure of
a plant with high precision and accuracy. LiDAR has been
recognized as a cutting-edge tool in quantifying plant struc-
ture across different environments [13, 14]. During the last
several decades, LiDAR has been extensively used to extract
tree height [15–18], leaf area index [19], and plant volume
[20]. Meanwhile, multitemporal LiDAR data has been used
to monitor plant dynamics, such as tree growth, biomass
change, and carbon dynamics in forestry [21–23], horticulture
[4], and agriculture [24]. These studies proved the feasibility of
LiDAR to characterize long-term (e.g., seasonal and yearly)
structural rhythms under field conditions [3, 25–27].

Recently, a few studies have tried to use hypertemporal
LiDAR data to study short-term (e.g., hourly) structural
rhythm in trees. For example, Puttonen et al. [2] used terres-
trial laser scanning (TLS) to monitor the nocturnal move-
ment of birch branches and foliage. They observed that the
vertical tree height at sunrise was lower than that at the last
sunset and named this pattern “tree sleeping.” They further
demonstrated that the largest movements of tree crown and
branches appeared around sunrise [28]. However, some
studies demonstrated different subcircadian growth rhythms
[29] and not all trees show the same structural circadian
rhythms [3, 30]. These efforts indicated that structural
rhythms are complicated and need to be further explored.

These investigations using multitemporal and hypertem-
poral LiDAR applied to trees [3, 28, 29] question whether
long-term and short-term rhythms can be also observed in
crops under field conditions. Unlike using LiDAR in character-
izing structural dynamics in trees, LiDAR application in crops
hasmuchmore challenges, including (1) crops have a small size
that requires high-quality LiDARdata, (2) themain component
of crops is the leaves that are easily affected by environmental
conditions (e.g., wind and temperature), and (3) leaves are
more complex and variable in shape and curvature thus more
difficult to identify and characterize. Additionally, previous
studies focused mainly on circadian rhythm under nonstressed
conditions [2, 3, 28, 29]. Circadian rhythms under stressful
environments, such as cold stress, are also of great interest.

In this study, we aim to quantify the seasonal and circa-
dian rhythms in maize structural traits at the plant and leaf
levels under standard (plants grow naturally without envi-
ronmental stress) and cold stress conditions in field environ-
ments from TLS time series. Specific questions are targeted.
(1) Can we quantify the seasonal rhythms of structural traits?
(2) Can we quantify the circadian rhythms under standard

and cold stress conditions? (3) What are the possible rela-
tionships between the environmental factors and the circa-
dian rhythms of structural traits under standard and cold
stress conditions?

2. Data and Methods

2.1. Study Area. The study area was located at the Xiangshan
breeding base of the Institute of Botany, Chinese Academy of
Sciences (40°8′10″N, 116°10′46″E), Beijing, China. The
planting area was around 600m2 (Figure 1(a)). The annual
average precipitation was 572.38mm, and the annual average
temperature was 12.96°C. We planted two rounds of maize
(Zea mays L.) on Mar. 25, 2019 (Experiment 1, hereafter
Exp. 1), and Aug. 25, 2019 (Experiment 2, hereafter Exp. 2),
respectively. A total of 55 plots were planted in the two exper-
iments. The plot size was 3m × 3m, and the row and column
spacing between adjacent plots was both 1m. In each plot,
plants were planted at an interval of 0.6m in both row and
column directions. Exp. 1 grew well with the standard culti-
vation and management, which was used to collect data for
studying seasonal and circadian rhythms under standard
conditions. Exp. 2 did not have a complete growth period
due to cold stress, and it was only used for studying the circa-
dian rhythm.

2.2. Data Collection. In this study, TLS data were collected
using a high-throughput phenotyping platform, Crop3D,
developed by the authors’ team (Figure 1(a)) [31, 32]. A
LiDAR sensor integrated with the system can move in x, y,
and z directions accurately, flexibly, and automatically
according to a predefined program that ensures to record
consistent time-series data. The LiDAR was mounted at the
height of 0.5m above the canopy, and the moving speed
was set at 0.05m/s in both x and y directions. In this study,
the system was operated at a multistation mode, which
means that the sensor scanned data at a fixed location instead
of scanning while moving. This multistation mode can
acquire data with around 2mm resolution at a 10m distance
on an object with 90% reflectance. Besides, the wavelength of
the LiDAR sensor is 1550 nm, which is out of the range of vis-
ible light mainly used by plant growth. The average power of
the emitted beam is 500mW, and the laser emits nanosecond
pulses that have little influence on plant growth. Addition-
ally, to minimize the influence of environmental factors on
scanning, we only scanned data on carefully selected days
that meet the following requirements: (1) days belong to
key growth periods and (2) weather condition was stable with
no rain, no water condensation, and no wind/occasional
gusts (human observation) during data acquisition.

Exp. 1 was used to acquire data for studying seasonal
and circadian rhythms under standard conditions. Data
for studying seasonal rhythm were scanned at four key
growth periods, including jointing, bell-mouthed, heading,
and maturity periods, which were 67, 78, 98, and 112 days
after planting (hereafter D67, D78, D98, and D112). Data
for studying circadian rhythm were scanned at the late
bell-mouthed stage around every 2 hours from sunset on
June 22, 2019, to sunset on June 23, 2019 (D89-D90).
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The moments of sunset, sunrise, and noon (Table 1) were
referred to https://www.timeanddate.com/. In this study, the
moments of sunset (D89), sunrise (D90), noon (D90), and
sunset (D90) were 19:46, 04:46, 12:16, and 19:46, respectively.
The scanning moments were trying to cover the moments of
sunset, sunrise, and noon. However, to avoid interference
from environmental factors (e.g., gusts), the interval of scan-
ning moments was not exactly but around 2 hours. Finally,
data were collected at 16 moments from D89 to D90, includ-
ing 19:49, 21:48, 23:48, 01:48, 3:48, 4:48, 6:48, 8:48, 10:48,
12:00, 12:48, 14:48, 16:48, 18:48, 19:48, and 21:48 (Table 1).

Exp. 2 was only used to acquire data at the bell-mouthed
stage for studying circadian rhythms under early cold stress.
During this period, the plant did not die but showed certain
symptoms of chilling injury, such as frostbite on the edge of
the leaf. Data for studying circadian rhythm were scanned
around every 2 hours from sunset on Nov. 9, 2019, to sunset
on Nov. 10, 2019 (D76-D77). The moments of sunset, sunrise,
noon, and data scanning were determined using the same
method in Exp. 1 (Table 1). In this study, the moments of sun-
set (D76), sunrise (D77), noon (D77), and sunset (D77) were
17:04, 06:52, 11:58, and 19:03, respectively. Finally, data were
scanned at 14 moments from D76 to D77, including 18:00,
20:00, 22:00, 22:30, 24:00, 02:00, 04:00, 06:00, 08:00, 10:00,
12:00, 14:00, 16:00, and 18:00 (Table 1).

In addition to LiDAR data, this study recorded environ-
mental data, including the incoming photosynthetically
active radiation (PAR, μmol·m-2·s-1), temperature (T , °C),
and relative humidity (RH, %), every half hour through the
whole growing season. PAR was recorded using SPN1 Sun-
shine Pyranometer (Delta-T Devices Ltd., UK). T and RH
were recorded using an in situ weather station (Decagon
Devices Inc., USA).

2.3. Data Preprocessing. TLS data were processed with a series
of standard steps, including clipping, noise removal, filtering,
normalization, individual plant segmentation, and stem-leaf
segmentation (Figure 2). The time-series single-station TLS
data acquired at the same location were used to study seasonal
and circadian rhythms to minimize the influence of registra-
tion error that was around 2mm according to Jin et al. [32].

The single station data was first manually clipped to
obtain data in an area of 3m × 3m where the point density
is high (around 1,000,000 points/m2). The clipped data were
preprocessed with a statistical outlier removal method inte-
grated in LiPlant software (the Green Valley International®).
The noise-removed data was filtered and normalized using a
digital-terrain-model-based method described in Jin et al.
[32]. The normalized points were segmented to extract indi-
vidual plants using a deep learning-based method [33]

(a)

Field phenotyping system

X

Y

Z

D112
D98
D78
D67

Sunset

(b)

(c)

Sunrise Noon Sunset

Figure 1: Study area and LiDAR data collection. (a) The field phenotyping gantry system supporting the LiDAR. (b) LiDAR data was
collected at four key periods on 67, 78, 98, and 112 days after planting (i.e., D67, D78, D98, and D112). (c) Example of LiDAR data
collected around every two hours throughout a whole day from one sunset to the next sunset.
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integrated in LiPlant. Visual inspection and manual revision
were conducted to improve the accuracy of the segmented
plants. These plants were further processed to extract indi-
vidual leaves and stems using a voxel-based deep learning
method [34] with interactive corrections in LiPlant. Ears at
heading and mature stages were manually removed and were
not included in the analysis.

In Exp. 1, a total of 30 plants were randomly selected
from the segmented results from 10 single station data. These
plants include 231, 317, 361, and 324 leaves, respectively, for
the four periods considered. A few leaves fell in the last
(mature) period, resulting in a decrease in the number of
leaves. The average value of the several traits investigated
was computed for the four periods and was used for studying
seasonal rhythm (Table 1). In addition, a total of 10 ran-
domly selected plants with 109 leaves from 160 single
stations, covering 16 moments, were used for studying the
circadian rhythms under standard conditions. In Exp. 2, a
total of 10 randomly selected individual plants with 73 leaves
from 140 single stations, covering 14 moments, were used for
studying the circadian rhythm under cold stress.

2.4. Extraction of Structural Traits. Previous studies mainly
extracted height quantiles as structural traits to study the tree
dynamics [2, 3]. In addition to these height quantiles, we
derived more meaningful biophysical traits, such as the leaf
area, and investigate their dynamics at both the plant and
the leaf levels.

At the plant level, nine traits were extracted, including
maximum height (Hmax, m), mean height (Hmean, m), 99%
height quantile (H99, m), crown size, plant azimuth angle,
projected leaf area (PLA, m2), volume, projected area index
(PAI, m2/m2), and three-dimensional profile index (3DPI).
The plant azimuth angle was defined as the angle between
the maximum eigenvector of the plant and the north direc-
tion on the vertical projection plane (Supplementary Fig.

1a). Definitions and formulas of the other traits can be found
at Jin et al. [32].

At the leaf level, nine leaf traits were extracted, including
leaf length, maximum leaf width, mean leaf width, leaf
height, leaf area, projected leaf length (PLL, m), PLA, leaf
inclination, and leaf azimuth. Of which, the definitions and
formulas of leaf length, leaf width, leaf area, and leaf inclina-
tion can be found at Jin et al. [35]. Leaf height, PLL, and PLA
were defined in Jin et al. [32]. Leaf azimuth was defined as the
angle between the maximum eigenvector of a leaf and the
north direction on the vertical projection plane (Supplemen-
tary Fig. 1b).

2.5. Statistic and Correlation Analysis. To show whether TLS
can characterize the seasonal rhythm in structural traits,
Tukey’s multicomparison method was used to test the differ-
ence among the measurement dates at the 0.05 confidence
level. Besides, because the circadian rhythm is driven by local
environmental signals (e.g., light, temperature, and air
humidity) [30, 36], the Pearson correlation coefficient and p
value were used to analyze the relationship between these
environmental factors and the circadian rhythms in plant
and leaf structural traits under standard and cold stress condi-
tions. The circadian rhythm observation time and the climate
data recording time were not always fully synchronized. The
raw half-hour climate data were therefore interpolated using
a cubic spline function to predict the climate data correspond-
ing to the circadian rhythm observation.

3. Results

3.1. Seasonal Rhythm of Plant and Leaf Structural Traits. At
the individual plant level, results show that TLS can describe
the seasonal rhythms of several structural traits of maize
(Figure 3). Height-related traits (i.e., Hmax, Hmean, and H99),
PLA, volume, and 3DPI increased significantly in the first

Table 1: Description of collected LiDAR data.

Planting date Data collection time
Number of selected
individual samples

Number of selected leaf
samples

Treatment Usage

Mar. 25, 2019
Daytime on May 31, June 11,
July 11, and July 15, 2019

80

1233 leaves from 30
randomly selected
individual plants,

including 231, 317, 361,
and 324 leaves in the four

periods, respectively

Standard condition
Seasonal rhythm at
plant and leaf levels

Mar. 25, 2019

16 scans at 19:49, 21:48,
23:48, 01:48, 3:48, 4:48, 6:48,
8:48, 10:48, 12:00, 12:48,
14:48, 16:48, 18:48, 19:48,
and 21:48 from June 22 to

June 23, 2019

10
109 leaves segmented from

10 randomly selected
individual plants

Standard condition

Circadian rhythm at
plant and leaf levels

Aug. 25, 2019

14 scans at 18:00, 20:00,
22:00, 22:30, 24:00, 02:00,
04:00, 06:00, 08:00, 10:00,
12:00, 14:00, 16:00, and

18:00 from Nov. 9 to Nov.
10, 2019

10
73 leaves segmented from
10 randomly selected
individual plants

Cold stress
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three stages and became stable at the mature stage. Crown
size showed a significant increase in the first three stages
but decreased significantly at the mature stage. PAI was sta-
ble at the first two and the last two stages, but it showed sig-
nificant growth from the second (bell-mouthed) to the third
(heading) stage. Interestingly, the azimuth angle of individual
plants was stable throughout all stages.

At the leaf level (Figure 4), results showed that TLS can
also quantify the seasonal rhythms of several traits. Results
show that the dynamics at the leaf level were more diverse
than that at the plant level. Leaf length, leaf height, leaf area,
PLL, and PLA increased significantly in the first three stages
and became stable at the mature stage. Maximum and mean
leaf width showed a significant increase throughout all stages.
Leaf inclination angle decreased significantly at the first stage,
and it remained unchanged at the following stages. The leaf
azimuth angle was stable throughout all stages, consistently
with the plant azimuth.

3.2. Circadian Rhythm in Structural Traits under Standard
Condition. The growth of the several traits during the season
(Figure 3) results from a significant daily increase: for exam-
ple, 6 cm growth can be observed forHmax between two adja-
cent sunsets (Supplementary Fig. 2). Therefore, the daily
increase contributing to the seasonal growth should be elim-
inated before studying the circadian rhythms. We thus calcu-
lated the average growth rate per hour of each trait between
D78 and D112 according to Figures 3 and 4. We then
corrected the raw variation of the traits during the day by
subtracting the average hourly seasonal growth at the time
of observation (Supplementary Fig. 2 and 3).

At the plant level (Figure 5), results showed that TLS can
quantify the circadian rhythms of several structural traits of
maize. Different circadian patterns are observed depending
on the traits. (1) The height-related traits, Hmax and H99,

increased at night, while Hmean and other height quantiles
(Supplementary Fig. 4) decreased at night. Further, these
height-related traits all showed large fluctuations during
the daytime. (2) Crown size increased throughout the
whole day except in the afternoon. (3) PLA, volume, and
PAI decreased at night, increased in the morning, and
decreased in the afternoon. (4) Azimuth and 3DPI showed
no obvious rhythm.

TLS measurements can also quantify the circadian
rhythms of several leaf-level structural traits that appeared
to be more diverse than at the plant level (Figure 6). Results
showed that (1) leaf length, maximum leaf width, mean leaf
width, leaf height, leaf area, and PLL increased from sunset
to noon and decreased in the afternoon with some fluctua-
tions in the changing trend. (2) PLA decreased at night,
increased in the morning, and decreased in the afternoon,
consistently with plant-level observations. (3) Leaf azimuth
is almost stable, consistently with the plant azimuth. Leaf
inclination is also stable except for the increase in the after-
noon. Both for the plant- and leaf-level traits, the rhythms
were more fluctuant during daytime than during the night.

3.3. Circadian Rhythm in Structural Traits of Maize under
Cold Stress Condition. At the plant level (Figure 7), TLS can
quantify the circadian rhythms in multiple structural traits
of maize under cold stress. Different traits showed different
circadian rhythms. (1) Hmax, H99 (and other height quantiles
in Supplementary Fig. 5), and crown size increased during
the whole day except for an obvious decrease in the morning.
(2) Azimuth, PLA, and volume increased at night and
decreased during the daytime. (3) Hmean, PAI, and 3DPI
showed no regular rhythm.

At the leaf level (Figure 8), results showed that TLS can
quantify the circadian rhythms in multiple structural traits
of maize under cold stress. The results showed different

Lidar data

Growth-period data
(natural condition)

Circadian data
(natural condition)

Circadian data
(cold stress)

Climatic data

PAR

Air temperature

Air relative humidity

Data collection Data preprocessing

Point cloud clipping

Noise removal and
ground filtering

Individual segmentation
and checking

Stem-leaf separation
and checking

Phenotypic trait extraction

Growth-period traits
(natural condition)

Circadian traits
(natural condition & cold stress)

Rhythm analysis

Individual traits
Height, crown
size, azimuth,
PLA, volume,

PAI, 3DPI, etc.

Leaf traits
Length, width,
area, azimuth,

inclination, PLL,
PLA, etc.

Individual traits
Height, crown
size, azimuth,
PLA, volume,

PAI, 3DPI, etc.

Leaf traits
Length, width,
area, azimuth,

inclination, PLL,
PLA, etc.

1. Growth-
period rhythm

2. Circadian
rhythm (natural
condition) with
climatic factors

3. Circadian
rhythm (cold
stress) with
climatic factors

Figure 2: Scheme for processing collected LiDAR data and environmental data for phenotypic trait extraction and structural rhythm analysis.
PAR, PLA, PAI, 3DPI, PLL, and PLA represent photosynthetically active radiation, projected leaf area, plant area index, three-dimensional
profile index, projected leaf length, and projected leaf area, respectively.
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rhythms that (1) maximum leaf width, mean leaf width, PLL,
and PLA showed a similar pattern that increased at night and
decreased during the daytime. (2) Leaf height and leaf incli-
nation were stable at night. However, leaf inclination
decreased during the daytime, while leaf height increased.
(3) Leaf azimuth increased at night and in the morning, but
it decreased in the afternoon. Leaf length and leaf area were
fluctuating at night, decreased in the morning, and increased
in the afternoon.

Overall, TLS can quantify the circadian rhythm in struc-
tural traits at both individual plant and leaf levels under cold
stress. Many individual traits (e.g., Hmax and H99) and leaf
traits (i.e., length, width, and area) showed a similar pattern
that increased at night and decreased during the daytime.
PLA increased at night and decreased during the daytime at
both plant and leaf levels, which was contrary to the circadian
rhythm of PLA under standard conditions. Additionally,
most rhythms under cold stress (e.g., Hmax, H99, crown size,
azimuth, PLA, and volume) were clearer (less fluctuation)
than circadian rhythms under standard conditions.

4. Discussion

4.1. Importance of High-Accuracy and High-Throughput
Terrestrial LiDAR Data. High throughput and high accuracy

are the two most important prerequisites for studying the
seasonal and circadian rhythms of structural traits of maize
plants and leaves. Previous efforts have demonstrated that
TLS can provide high point density, making accurate pheno-
typing applicable at multiple biological levels [14]. At the
plant level, numerous traits have been accurately extracted
from TLS data, such as crop height [33, 37, 38], crown size
[35], and PAI [24, 39]. With the advancement of point cloud
processing algorithm (e.g., deep learning) [34, 40–43], phe-
notypes at organ levels were extracted, such as branch length
[44] and leaf inclination [35]. These technological advances
guarantee the accuracy of rhythm studies in structural traits.

Besides high accuracy, high throughput is also an impor-
tant but still challenging requirement for studying structural
rhythms. Previous studies have tried to acquire LiDAR on a
daily scale for studying phenological changes in forest eco-
systems [25, 27]. Recent studies have demonstrated that
TLS data can be acquired with even shorter intervals (e.g.,
hourly or dozens of minutes) for quantifying the overnight
movement of tree branches and foliage [2, 28]. These studies
resulted in large data sets which were very demanding in
storage and processing capacity [21], explaining why they
focused on a limited set of samples. In our study, dozens of
individuals and hundreds of leaves were tracked and ana-
lyzed for studying both the seasonal and circadian structural
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letters on each subfigure represented the results of multiple comparisons of each trait in different growth periods at the 0.05 confidence level
using Tukey’s multicomparison method.
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rhythms. Further, although the scanning interval was similar
to previous studies, this is the first study conducted in the
agriculture field, as well as experiments under both natural
and cold stress conditions.

4.2. Seasonal Rhythm in Structural Traits of Maize. Unlike
previous works focusing on tree height dynamics, this study
provided a more comprehensive description of the seasonal
rhythm by considering more structural traits of maize. At
the plant level, most findings are consistent with our experi-
ence that structural traits (e.g., height-related traits, PLA, vol-
ume, and 3DPI) grow during the vegetative growth periods
and become stable at the mature stage. The pattern of volume
and 3DPI has rarely been reported because it is difficult to
measure these two traits using traditional methods, such as
measuring with a ruler or optical image. Further, the seasonal
rhythms revealed some new findings. For example, the crown
size decreased significantly at the mature stage, which is
almost consistent with the trends of PLA (Figure 3) and is
similar to the patterns found in Maddonni and Otegui [45].
PAI only showed significant growth from the second (bell-
mouthed) to the third (heading) stage, similar to the growth
pattern reported in Gao et al. [46], which may be caused
by the increasing photosynthesis capacity during the repro-
ductive period. The azimuth angle after D67 was stable,
which may result from the competition between plants for

light [47–49]. However, it would be worth exploring whether
the azimuth is changing before D67. All these findings prove
that TLS described accurately the seasonal rhythm. This can
be further exploited to better understand crop functioning
and for making decisions for crop management.

At the leaf level, the seasonal dynamics have rarely been
studied because they have higher requirements on data qual-
ity and processing methods. Our results showed that the leaf-
level seasonal rhythms were more diverse. This is possibly
explained by the variability in the rhythm of the leaves of a
different order [50, 51], which are subjected to a different
microclimate including light and temperature [52]. The
rhythm of most traits (e.g., leaf length, leaf height, leaf area,
PLL, and PLA) met our expectations: they grew first and
became stable at the mature stage. The decrease of leaf incli-
nation angle between D67 (jointing) and D78 (bell-mouthed)
may be caused by the competition for the resources (e.g.,
space and light) at the early stage [53]. Additionally, the
structural rhythm of azimuth and PLA traits was consistent
with that of the plant-level rhythm, confirming that some
leaf-level trait rhythm can be used to indicate the structural
rhythm of an individual plant [54].

4.3. Circadian Rhythm in Structural Traits of Maize under
Natural and Cold Stress Conditions. Studying circadian
rhythm is much more difficult because plants may have a
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slight movement during a short interval [30]. Meanwhile,
because plant movement is easily influenced by environmen-
tal factors including wind, previous studies have mainly
focused on structural dynamics at night [2, 29]. By contrast,
this study tried to study circadian rhythms by carefully col-
lected data during windless “time windows.”

Under standard conditions, most findings are easy to
understand. Some findings are interesting and deserve fur-
ther exploration. For example, Hmean decreased at night,
which is consistent with previous findings about “tree sleep-
ing” at night [2, 3]. However, Hmax and H99 increased at
night, which indicates that crop height reduction (i.e.,
“sleep”) may mainly occur in the lower layer that is consis-
tent with the dynamics of height percentile in Zlinszky
et al. [3]. PLA, volume, and PAI decreased at night, increased
in the morning, and decreased in the afternoon, which seems
to be regulated by temperature and/or photosynthetic rates
[55]. Previous studies have also pointed out that the plants
near the morning and evening move greatly [2, 28, 56].

Besides, we can see that the rhythm of the day is not as
obvious as the rhythm of the night because environmental
conditions are more complex during the daytime as men-
tioned in previous studies [2]. We found that the circadian

rhythms of PLA and azimuth angle at the leaf level are similar
to those at the plant level which was also discussed earlier
with the seasonal rhythm at both levels. However, for the
other traits, the circadian rhythm at the leaf level is generally
more clear (less fluctuation) than that at the plant level. This
may be the rhythm that occurs at the organ level may be neu-
tralized at the individual plant level due to the environmental
entrainment [6]. This explains why some studies select parts
of the plant (e.g., branch) as the observation target instead of
the whole plant to study the structural rhythms [2].

Under a cold stress environment, traits showed clearer
(less fluctuation) circadian rhythms (e.g., Hmax, H99, crown
size, azimuth, PLA, and volume) than under standard condi-
tions. This may be because plants harden their tissues to pre-
vent freeze injury, making circadian rhythm less disturbed
[57]. Most leaf traits (i.e., Hmax, H99, leaf length, leaf width,
and leaf area) showed a similar pattern that increased at night
and decreased during the daytime under cold stress
(Figure 8). However, PLA increased at night and decrease
during the daytime at both individual plant and leaf levels,
which is contrary to the rhythm under standard conditions.
The increase of PLA at night under cold stress may be caused
by the movement of leaf azimuth angle (Figure 8(i)), while
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the possible reason for the decrease of PLA during the day-
time is the decrease of leaf inclination angle (Figure 8(h)).
Additionally, the circadian rhythm of the night is clearer (less
fluctuation) than the rhythm of the day. Leaf-level circadian
rhythm is also clearer than that at the plant level. These pat-
terns are consistent with patterns found under standard con-
ditions. Finally, it should be noted that these rhythms found
in the early stages of cold stress may not be universal, because
different types of plants respond differently under different
degrees of chilling injury [58].

Previous studies have found that plant seasonal rhythms
are regulated by environmental factors such as photoperiod,
temperature, and water balance [30, 59] and the plants tend-
ing to adapt to their local environment [36]. In this study, we
tried to understand the influence of the environment on the
circadian rhythm in structural traits of the crop. It seems that
the circadian rhythm at the plant level is less affected by the
environment under standard conditions (Table 2), but is eas-
ily affected by temperature and RH under cold stress. Besides,
the circadian rhythm at the leaf level was also less affected by
the environment under standard conditions and was mainly
affected by temperature and RH, especially temperature,

under cold stress (Table 3). Additionally, circadian rhythm
may be more complicated under cold stress because different
environmental factors may have significant correlations with
traits at the same time under cold stress [60, 61].

In summary, TLS can capture circadian rhythm in struc-
tural traits of maize under natural and cold stress conditions
at both the plant and leaf levels. The structural rhythms at
night are more clear (less fluctuation) than the rhythm dur-
ing the daytime. Leaf-level circadian rhythms are more clear
than those at the plant level. Circadian rhythms under cold
stress are more clear than those rhythms under standard
conditions.

4.4. Contributions and Future Works. This study demon-
strated that TLS can be used to analyze the seasonal and cir-
cadian rhythms of structural traits of maize at the plant and
leaf levels under natural and cold stress conditions. To our
knowledge, this is the first effort that uses TLS to study the
structural rhythms of maize. Besides, this study analyzed
the structural rhythm not only at night but also during the
daytime. Moreover, structural rhythm under cold stress was
studied and compared with standard conditions, which
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contributed to better understanding of the structural
response of crops to different environments.

However, some challenges still need to be improved in
future works. First, we did not set a rigid marker as a refer-
ence in the time-series analysis to quantify the observational
error during LiDAR data collection. Puttonen et al. [2] used
the movement of spheres attached to the tree branch as a ref-
erence, which has little influence on the branch movement.
However, it is very hard to attach a reference for maize leaves.
Second, the circadian rhythm that is mixed with the seasonal
growing (Section 3.2) was corrected using a linear correction
method. However, the daily growth of maize may be nonlin-
ear. This may be the reason why the end point of the circa-
dian rhythm curve did not arrive at the same level as the
start point of some traits. Actually, the slight variation of
environmental conditions and phenotypic trait extraction
accuracy may also have inevitable influence on the circadian
rhythms. Third, the frequency of observation for studying the
seasonal rhythm should be increased in the future. Although
most of the current traits showed structural rhythms,
increasing the frequency of observations would offer the
potentials to discover more seasonal patterns. For example,
there is no significant change in the azimuth angle after
D67; it is worth exploring whether it has changed before

D67 to adapt to the environment [62]. Fourth, because the
observation on the hourly scale of day and night is very
time-consuming and laborious, this study and other similar
studies all do not have repeated observations on consecutive
days [2, 3, 28, 30, 63]. In the future, solving the difficulties of
high-throughput observation, big data management, and
data processing of TLS applications will provide a better
foundation for high-frequency structural rhythm studies.
Fifth, studying the structural rhythms of different varieties
is helpful for exploring the plant endogenous timing mecha-
nism and discovering genes related to the biological clock,
etc. Besides, it is interesting to quantify the impact of environ-
mental tress (e.g., cold) on the normal growth rhythms if we
know the mechanism of the biological clock. Finally, the sea-
sonal and circadian rhythms were studied using TLS data only;
multisource remote sensing data are expected to use, such as
using hyperspectral, thermal, and chlorophyll fluorescence to
track the physiological rhythms [12, 64]. Meanwhile, simulta-
neous measurement of changes in plant physiology (e.g., sto-
matal movement), biochemistry, and metabolite indicators
have important prospects for explaining changes in plant
structural rhythms [7, 65, 66]. It will also be of great signifi-
cance for mining genes that regulate circadian rhythms by
studying the different patterns of different species.
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Figure 8: Circadian rhythms in structural traits of maize at the leaf level under cold stress, including (a) leaf length, (b) maximum leaf width,
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Table 2: The relationships denoted by the Pearson correlation coefficient and p value between environmental factors (photosynthetically
active radiation (PAR), temperature (T), and relative humidity (RH)) and circadian rhythms in structural traits at the plant level under
standard and cold stress conditions. PLL and PLA represent projected leaf length and projected leaf area, respectively.

Traits
Standard conditions Cold stress

PAR RH T PAR RH T

Hmax -0.08 0.53 -0.56 -0.87 0.42 -0.62

Hmean -0.39 -0.08 -0.09 0.27 0.04 -0.1

H99 0.06 0.2 -0.38 0.68 0.56 -0.75

Crown size 0.67 0.45 -0.3 0.67 0.59 -0.66

Azimuth -0.13 -0.23 0.07 0.14 0.66 -0.94

PLA -0.47 -0.84 0.91 0.41 0.69 -0.93

Volume -0.39 -0.44 0.48 0.48 0.55 -0.74

PAI -0.03 0.09 -0.09 0.48 0.11 -0.26

3DPI 0 0.36 -0.49 -0.31 -0.33 0.4

Normal represents p > 0:05; bold represents p < 0:05; underline represents p < 0:01; bold-underline represents p < 0:001.
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5. Conclusion

The research of plant rhythms has a long history, but the use
of LiDAR for studying structural rhythms is indeed a novel
and interesting topic in recent years. This study explored
the potential of TLS in the study of seasonal and circadian
rhythms at the plant and leaf levels under standard and cold
stress conditions. The seasonal rhythms in structural traits
are clear and consistent with our expectations. Some struc-
tural traits such as azimuth and PLA show good consistency
between plant- and leaf-level rhythms. However, the overall
seasonal rhythms at the leaf level are more diverse, such as
the decreasing of leaf inclination angle between the jointing
stage and the bell-mouthed stage. By contrast, circadian
rhythms are more complicated. Circadian rhythms of some
traits (e.g., Hmax and H99) under cold stress and standard
conditions are opposite. Additionally, we found environmen-
tal factors have more significant correlations with leaf trait
rhythms under cold stress than standard conditions, espe-
cially air temperature under cold stress conditions. This
study highlights the potential of time-series TLS in studying
crop chronobiology in the outdoor environment. By combin-
ing structural rhythms with plant biology theories, it will
allow improving our understanding of the mechanism driv-
ing plant rhythms and the survival strategy of plants in the
context of environmental changes.
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