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Terrestrial Laser Scanning (TLS) can be used to monitor pladynamics with a frequency
of several times per hour and with sub-centimeter accuracyregardless of external
lighting conditions. TLS point cloud time series measuredtashort intervals produce large
guantities of data requiring fast processing techniques. fiese must be robust to the noise
inherent in point clouds. This study presents a general fragwork for monitoring circadian
rhythm in plant movements from TLS time series. Framework péormance was evaluated
using TLS time series collected from two Norway maplesAcer platanoide9 and a control

target, a lamppost. The results showed that the processingrbmework presented can

capture a plant's circadian rhythm in crown and branches dow to a spatial resolution of
1 cm. The largest movements in both Norway maples were obserd before sunrise and
at their crowns' outer edges. The individual cluster movemets were up to 0.17 m (99th

percentile) for the taller Norway maple and up to 0.11 m (99tpercentile) for the smaller
tree from their initial positions before sunset.

Keywords: laser scanning, time series, structural dynamics, circadian rhythm, phenology

INTRODUCTION

Terrestrial Laser Scanning (TLS) measures its surrounddgnvironment using a dense point
cloud. It has become a staple in several research elds, ingfdrest science®@ssot et al., 2011;
Liang et al., 201 landslide monitoring {aboyedo et al., 20)2building change detection and
deformation monitoring Mukupa et al., 201)7 and glaciologyPeems et al., 20)3The strength

of TLS lies in its rapid data collection, regardless of extelighting conditions. Objects dozens
of meters from the scanner can be mapped with sub-centimetestispatial resolution in minutes.
This enables fast and accurate digitization of static sedyath day and night. Compared with other
terrestrial point cloud sources (e.g., image-based and pat$aser scanning), TLS has the highest
digitization accuracy and a unique capability of delineatingwn structure (iang et al., 20105
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In addition to collecting standard forestry parameters, sien conditions. Full utilization of this LiIDAR data potential geires
TLS point clouds allow accurate object modeling in forestseasily implemented robust work ows with well-documented
The previous literature lists several di erent methods inwog  performance metrics. This study's goal was to develop a
point cloud voxelization and skeletonizatiorBiicksch and work ow for monitoring circadian rhythm dynamics—such as
Lindenbergh, 2008; Bucksch et al., 2010; Livny et al., 201€yclical drooping of leaves and branches—in plants with a
Schilling et al., 2012; Bremer et al., 2013; Eysn et al.,)2018&mporal point cloud data series collected using multiple static
More recently, various quantitative structural (e.gaumonen terrestrial laser scanners. To our knowledge, the 3D poinictlo
et al., 2013; Delagrange et al., 2014; Hackenberg et ab) 20Work ow the study presents is among the rst to capture the
and stem curve modeling techniques (elgelbe et al., 2013; circadian rhythm in plant dynamics in outdoor conditions of
Yu et al., 2013; Liang et al.,, 2014; Wang et al., pbisve this scale. Work ow is based on spatial point cloud clustering
gained popularity in determining forest parameters for bothand monitoring cluster movement over time. This allows
forest management and ecology applicationsalfiers et al., 2014; the user to monitor each point cluster. Alternatively, tagjet
Jaakkola et al., 20).However, to our knowledge no techniques overall movement patterns may be captured by aggregating
have been applied for short interval herg,1h TLS time cluster information.
series for monitoring the temporal development of individual  This study's method was based on reviewing earlier research
tree segments. approaches utilizing point cloud data collected using LiDAR or

Although TLS is used routinely in many research applicationsgalculated from overlapping imageryable 1 lists some more
its utilization has thus far been limited to studying ciréad  commonly cited examples of earlier studies, and their stifesig
rhythms in plant physiology. In a recent reviewitel et al. and weaknesses in structural plant dynamics monitoring.
(2016)divide LIDAR applications by temporal resolution into When point cloud data collection techniques are considered,
either “multi-temporal” or “hypertemporal” applications. The LiDAR- and imaging-based approaches exhibit complementary
former entails scanning repetition over 1 month intervals;properties: LIDAR performs better in varying and unlit lighgin
the latter entails intervals of witkk 1 month. This de nition COﬂditiOﬂS, and penetrate p|ant Canopies better. On the other
is suitable for longer term phenomena such as intériag  hand, imaging methods provide color information and can
et al., 2012; Culvenor et al., 2QJahd intra (Portillo-Quintero  capture data for limited plant parts more quickly, which is
et al., 2014; Calders et al., 2pEeasonal phenology, annual important during daylight with more air ows.
biomass changeS(inivasan et al., 2014; Crommelinck and |n general, the modeling methods seek either an accurate
Hoe, 2016, and growth dynamics Griebel et al., 2097  stryctural description—like QSM Raumonen et al., 2013;
However, only a few studies using commercially availablejzckenberg et al., 20¥5-or generalize the movement using
TLS systems have demonstrated that the technique is feasillgint cloud statistics (e.g.Puttonen et al., 2016; Zlinszky
for detecting physiological plant phenomena at timescaleg; al., 201y, The former methods are computationally heavy
shorter by one order of magnitude or moreP(ttonen and prone to structural changes due to internal canopy
et al, 2015, 2016; Zlinszky et al., 2017; Herrero-Huerlgoyements and occlusions. The generalizing methods haeslo
et al, 201} Similar short timescale measurements uSingpatial resolution and cannot capture all movement patterns
TLS for monitoring lava ows Crown et al., 2018 and  que to overgeneralization. Here, the proposed method seeks
structural deformationsGrosse-Schwiep et al., 2)tave been {5 ng a compromise between high accuracy models and
demonstrated, however. overgeneralization by creating initially small cluster siadsle

The capability of mapping plant short-term structural xing their exact shape and size over time.
dynamics would aord valuable means for plant sciences tThe method developments main assumption was that the
to ) test OPe” hYPOth?Ses .concgrnlng C|rcad|ar1 motion an%hanges in the object point cloud were only due to the object's
foliar nyctinasty. In his reviewMinorsky (2019)lists several jnuingic movements: The measurement scene was assumed to
hypotheses concerning foliar nyctinasty that have been ptede be stable. Factors aecting the measurement scene stability

over the last century. These include internal plant ProCeSS€Gere therefore monitored during data collection and ltere
such as better temperature control and water shedding. H(§1

) . . ) ut before data processing. The following factors a ecting
a!so d!scusses more novel blthrOp'IC (pIant-herbwore) an easurement stability were recognized:
tritrophic  (plant-herbivore-predator) interaction hypothes,
whose testing would require accurate information on thei) Random external factors, such as wind, rain, or other
plant canopy structure at dierent times. Light Detection actors (e.g., animals), disturbing the assumption of slow and
and Ranging (LIDAR)—TLS included—data collection oers  systematic object movement.
strong potential as a solution. LIDAR data collection does noii) Abrupt or signi cant spatial changes, such as a snapping
interfere with internal plant processes. LIDAR measurements tree branch, causing target deformation, and breaking the
also provide directly quanti ed digitized information on geral systematic internal target dynamics.
plants' structure in a single measurement which may be eveiii) Signi cant changes in the object's visibility, i.e..eibg
dozens of meters tall. These properties open entirely new partly or fully occluded from all scanners due to

opportunities for monitoring internal tree processes, cregti occlusions resulting from external objects or from interna
new dynamic structural models of canopy scale, and studying self-occlusion (e.g., a branch drooping and occluding other
plants' interaction with their surroundings in natural graiv branches behind it).
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MATERIALS AND METHODOLOGY was then tted on each. Third, all point clouds were co-register

T . using sphere locations and other sensor data including sganne
est Site i . . _inclinometer, altimeter, compass, and GPS. After co-regfistn

Measurements were taken in southern Finland (Klrkkonumm|,point clouds were ltered using FARO's stray point lter (3

N. 60 9.674 W. 24 32.80% on August 24 and 25, 2016 3 grid, 0.02 m distance threshold and 50% allocation thri§ho

in leaf-on cor_1d|t|ons. The mf_easurement site was on a S_hano‘ﬁoints with raw intensity value 650 were also removed.
southeast facing slope. The site was scanned with thresteale The pre-processed point clouds were exported into

laser scanners mounted on tripodsigure 1). FARO Focus 3D . ressed.laz  format using lastools software  (https://

X 330 was located on the road next to the FGI building. Therapidlasso.com/). The two study objects and all reference

two other scanners were located on the roofs of the bu”din%pheres were then manually segmented and labeled in each
(FARO Focus 3D S 120—southern, Trimble TX5—northern)p using the boundaries de ned for the rst DAI. In labeling

The height di erence between the scanner on the road and thosg, .y gpiect was delineated several times using 2D projections
on the roofs was about 10 m. The test site, about 35m x 36

. Mom di erent viewing angles. The MATLAB tools used in
included several fully grown trees, understory, and Opefato yejineating target point clouds are available at ResearchGate
placed ObJeCtS’ including ve reference spheres of 0.099 msad (https://lwww.researchgate.net/publication/31699024fntP

The experiment focused on a fully growarge and a small cloud_cutting_scripts_for_MATLAB). The initial delineati

Norway maple e\cer .platan0|des. To FeSt the internal p,o'm boundaries were then used for all subsequent DAIs to extract
ICIOUd dynamics |nhobject;, ?dstat'ct?lbjed was also mordtoae the targets from the whole point cloud. A buer zone was
amppost next to the FGI buildingTable 2. left around each object boundary in the initial delineation

M The test site was sclflnnfed repeallt;ciflysftzom sunset tcl)lls;nrlstg. accommodate any systematic movements in the object
easurements were takes for a tota -5, covering twilight point cloud during the experiment. In the remaining text

and night (about 9 h in total). A total of 130 separate scans Was Jelineated point cloud of one object is called “an object
collected, with the three stationary laser scanning systelaced point cloud.”

around the site. One hundred and twenty-three of 130 scans
representing 41 Data Acquisition Intervals (DAI) were stdedc

when the air ows had settled. Each scanner used a prede ”eé)bject Point Cloud Clustering Over Time

scanning paramgter S?t durir\g data collection. Scan intervaln this phase each delineated object point cloud in each DAI
were about 20 min, during which operators started the scamner, .« clustered. The clustering work ow started with a two-

individually. Scanning times for all scanners were compleail phase initialization, which was performed only for the rst

about 12 min the _p_reset scanning parameters. . DAL In the following DAIs, an iterative nearest neighbor

. Weather condlt!ons were.stable .durmg dgta acqwsmoquh clustering was performed. The work ow owchart is presented
air was cal.m quan the r!|ght, with no wind or .occa.5|onalin Figure 2 All clustering and cluster monitoring steps in the
gusts (qualitative observation). There was no rainfall inigr study were conducted with MATLAB 2017a (Mathworks Inc.,
measurements. Possible water condensation on leaves Ritick, MA, USA).

lower branches was veried during the night...The scanner every DAI, the pre-processed object point clouds were
operators recorded current measurement cond|t|on§, inigd Itered to remove isolated points. The lter rule was to remove
measurement tlm_e_ ®, temperature_ M, atm_osphenc pr_esgursoints that with fewer two neighbors in a range of 0.01 m.

(P). relat_lve h“m'd")/ (RH%)'_ re_Iatlve cloud|_ness_ (qualitativ The working principles of the initial clustering and cluster
otr)]servgtlon), and wind (quallt?tlvz observatlgn).li? Iogke.l center monitoring are presented with a synthetic example in
The entire measurement was also documented with a time lapgg,, e 3 The initial clustering phase was conducted in two steps
video created from images taken with a 1 min interval usin Figures 3A-D). First, Dart Throwing Poisson Disk sampling as
a GoPro4 Black (GoPro Inc., San Mateo, CA, USA) camer esented byChambers (2013as used. Euclidean clustering

(Supplementary Video ). was then applied to the sampled point cloud. Only 3D coordinate
information was used as an input in clustering processes.,First

Measurement Systems a spatial kd tree (wittk D 3) was built for the point cloud. All

Allthree laser scanner systems were phase-basd(3. the neighbors within the preset clustering distance were then

The temporal data collected was divided into DAIs. Pointjisted for every point. All points were then randomly listecidh
cloud processing consisted of two main steps, preprocessingpint was then selected individually, starting with the néstimg
and clustering. These steps were performed similarly to thgrder. If none of the selected points' neighboring points had
point clouds of each DAI, except for the initial DAl where peen chosen before, it was classi ed as a cluster seed point with
a dierent clustering approach was used. The point cloudan increasing label number. When all the list's points hadnbee

processing work ow is presented Figure 2 passed, a nearest neighbor search was performed for the object
_ _ point cloud, and all non-classi ed points were labeled acoogd
Point Cloud Preprocessing to their nearest cluster seed point. To make clustering more

First, the data were pre-processed with FARO SCENE softwarebust, labels for points assigned to small clusters were veoho
(v5.4). Second, the ve reference spheres were selected aflde nearest neighbor search was then performed again, uding al
labeled for each scan manually. A sphere with a radius of 9.9 clabeled points. Here, the initial cluster diameter was setks h,
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* Norway maple (small)
* Norway maple (mature)
Lamppost

40 30 20 10 0
X{(m)

FIGURE 1 | Overview of the measurement aredA) and the top view of its point cloud(B). Scanner locations are marked with colored boxes: being th&ARO Focus
X330 (red); FARO Focus 3D 120 S 1 (dark blue); and TRIMBLE T5Xegn). The gray points denote the combined point cloud of athree scanners. All targets
monitored in the study are marked individually in the gure ath highlighted with a red circle (lamppost) and rectangles @tway maples). The ve reference sphere
locations are marked with black disks on the point cloud. Theverview image on the left was taken at a different time tharhe measurement and is added for
information. It is not to the same scale as the point cloud gure

TABLE 2 | Targets measured during the experiment.

Target name Latin name Bounding box dimensions (m) Point number av erage and standard deviation
X y z

Norway maple (large) Acer platanoides 7.05 6.92 9.10 3,191,100 30,500

Norway maple (small) Acer platanoides 2.19 2.32 6.19 231,200 2,500

Lamppost Columna lucerna 0.95 0.76 4.40 45,300 300

The target bounding boxes are calculated from the points of the initial scs measured at 20:10 h. Point number averages and their standard deviatiorare calculated from all DAls
used in the analysis. Object point clouds were delineated manualfyom the combined point cloud of all three scanning locations. A buffer zone as left around each object volume to
accommodate any systematic movements in the object point cloud during te experiment. Reported bounding box dimensions, point number averages and stalard deviations were
calculated after all pre-processing steps.

and the smallest cluster size allowed in initial clusteswas setat results showed that the point number standard deviation

100 points. between scans was 1% for all reference spheres, and
After clustering the rst DAI, the points of those following their center displacement was on average up to 1.2mm

it were loaded, pre-processed, and clustered using its rtearés all spheres. The main indication in the point cloud

neighbor labels. Clustering continued as with the previoustability test was that during measurements laser scanners

DA, storing the cluster center locations for temporal anays performed consistently within their reported precision

(Figures 3F-H. In total, 41 DAIs were included in the analysis. limits, regardless of their dierent wavelengths. Detailed

The cluster center points were de ned here as the median valuesults for measurement stability testing are given in

of all points in a point cluster calculated separately for eaclsupplementary Datasheet.1

coordinate axisKigure 3. Median coordinate values were used

to limit the e ect of possible outlier points in clusters. Theister .

median coordinateF; of each DAI (F:)ould then be compared Witip|USter Movement AnaIyS|s of the Large

the coordinate values of either the initial or previous DAhar  Norway Maple Point Clouds

former option determines a cluster's total displacement frosn i Cluster movements were measured as Euclidean 3D distances.

initial position, while the latter reveals the movement amuli¢  They were analyzed by monitoring how each cluster center

and directionality between DAIls. Here, the former companiso point moved over the DAIs with respect to the initial cluster

was undertaken in results analysigdure 3I). center in the rst DAI. Cluster movement results for tHarge
Norway maple are illustrated ifrigure 4 The illustration was

RESULTS created as follows: (i) projecting all cluster centers a imdyical
coordinate system (r#, z) centered on a manually selected

Measurement Stability vertical principal axis following the stem of the studied tré®;

Object stability between scans was veri ed by comparing thdividing the target into a height-normalized grid in a (r, glane,
point number and the location of the ve static referencewhere [(horm, Znorm) D (1, ) 100/znay]; (iii) labeling all cluster
spheres against their initial values. The stability testingentersin a grid cell; and (iv) presenting the aggregatedtras
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TABLE 3 | Property comparison of the terrestrial laser scanning sysms used in measurements.

Scanner FARO Focus X330 FARO Focus 3D 120 S TRIMBLE T5X
Type Continuous Continuous Continuous
Wavelength (nm) 1,550 905 905
Laser class 3R 1A 1A

Scanning mechanism

Maximal FOV

Maximal scan frequency
Range (m)

(90% re ectance)
Distance accuracy (25m)

Beam divergence (rad)
Beam diameter at exit

Vertically rotating mirror, horizontig
rotating base

360/300
976,000
330

0.3mm, 90%;
0.5mm, 10%

0.19
3.0mm

Vertically rotating mirror, horizontally
rotating base

360/305
976,000
120

0.95mm, 90%;
2.20mm, 10%

0.19
3.0mm

Vertically rotating mirror, horizontally
rotating base

360/300
976,000
120

0.95mm, 90%;
2.20mm, 10%

0.19
3.0 mm

the normalized (korm, Znorm) plane, with the color of each pixel
being the maximum displacement from its initial cluster cemt

All stem clusters display a similar displacements trend. Their

maximum displacements remained around 0.01m over the
The results for thelarge Norway maple show that the whole monitoring period. They thus demonstrated the expected
maximum cluster movements detected are mostly within a fevgtem stability.

Three of the four

crown clusters illustrate similar

centimeters o their initial locations around sunset (20:5.).
After midnight (01:40h.) the entire maple foliage showsdisplacement patterns, with some variation. Displacement
systematic cluster movements pronounced toward the crowfrom the initial DAI position is within 0.01cm until about
edges, where larger branch tips have moved up to 0.08 m. T28:00 h. The displacement amplitudes then start to increase in
maximum displacements are detected around sunrise (0558 ha relatively linear trend until reaching their maximums eaft
where the outermost clusters have been displaced by at leasinrise. The respective maximum displacement amplitudes are
0.20 m, and outer areas of the foliage show systematic mawsme 0.09 m (lilac and cyan) and 0.15 m (orange). When the maximum
between 0.08 and 0.16 m. The inner foliage closer or nexteo thdisplacements had been reached, all three crown clusters began
maple stem demonstrate 0.05m displacement. After sunrise to rapidly return toward their initial position, which was not
(09:43h.) the branches and leaves return to their initiag-pr completely captured within the monitoring period.
sunset positions. The inner foliage is displaced by of 0.05m The fourth selected crown cluster (dark red) shows a
or less. The outer tips of branches still present maximundisplacement trend deviating from the other crown clusters.
displacement of up to 0.14 m. This more resembles those of stem clusters. Its displacement

As the large Norway maple has dense foliage, the clusteralue remains around 0.01 m over the whole monitoring period,
number is lower inside the crown because of internal ocolusi  excluding a single DAI around 03:00 h. At this DAL, the cluster
This is shown as an empty space Figure 3 Moreover, displacement value increases temporarily to 0.04 m but returns
the gure shows randomly located individual pixels within to the trend in the following DAI. This suggests that the resded
the tree crown, with clearly higher displacement values thadisplacement value results from a temporary disturbance such
those of their neighboring pixels. These results also comas local air ow. Another crown cluster (5,990, cyan) desate
from internal occlusions: Individual clusters within theee similarly inits trend at the same DAI, but this does not stama
crown may lose points due to leaf and branch movemensigni cantly. Location is the main di erence between the fthu
between the DAIs, yet collect new stray points. Previouslgrown and other crown clusters. This cluster was at the tofhef t
occluded branch, leaf, and stem parts may also be includddrgeNorway maple crown, and it was closest to the crown center
in clusters. in the horizontal (xy). It was therefore closer to the stemrttiae

To demonstrate cluster displacements over time at thether crown clusters.
individual cluster level, Figure 5 illustrates the total 3D
displacements of seven manually selected clusters iatige  Cluster Movement Analysis of the  Small
Norway maple. Thdarge Norway maple was segmented in aNorway Maple Point Clouds
total of 8,911 clusters. Three of the clusters were seldoded  The small maple point clouds were segmented into a total of
di erent parts of thelargeNorway maple stem [59 (blue), 1,584 877 individual clusters. Cluster movement results for sieall
(yellow), and 5,015 (green)]. The four other clusters [{9,3 Norway maple are illustrated iffigure 6, following the same
(orange), 3,781 (lilac), 5,990 (cyan), and 8,889 (dark|redje  procedure as ifFigure 4 The results for themallNorway maple
selected from the di erent parts of the maple crown's outer edgeshow that the detected maximum cluster movement pattern
Displacement patterns for all cluster components of all thregs similar to that detected in théarge Norway maple point
targets are available Bupplementary Datasheet.2 clouds. The maximum cluster movements are largely con ned
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Preprocessing (t0)
Stray point filter (Individual scans)

Georeference scans together
Noise point filtering (kNN)

Euclidean clustering (t0)

Randomized point selection
with minimum distance

Nearest neighbour search
and labeling

Small cluster filtering and reclustering

Spatial sorting of clusters

Initial segmentation (t0)

Preprocess (t1 ... tn)

NN search (ti, ti+1)

Following segmentation (ti+1)

FIGURE 2 | Flowchart of the cluster monitoring process. Work ow consiss of three main steps: for each DA, pre-processing of the meyed point cloud of three
scanners (red); initial clustering for the object point cla at the rst DAI (t0, blue); and the iterative nearest neightr clustering cycle for the point clouds in all
remaining DAIs (violet).

to within a few centimeters of their initial locations arodn between 0.05 and 0.09 m. Clusters in the inner foliage and on
sunset (20:51h.). After midnight (01:40h.), tisenall maple the stem show displacements<00.03 m. After sunrise (09:43h.)
foliage shows systematic cluster movements pronouncedrtbwathe branches and leaves are return to their daytime positions.
the crown edges. The largest cluster displacements from thedisplacements in the inner foliage are within 0.03m or less.
initial positions are about 0.06 m when the outlying clustars  Crown edge clusters on top of th@mall Norway maple still
excluded. As with théargeNorway maple, absolute maximum systematically show maximum displacements of 0.06 m from
cluster displacements are detected around sunrise (09.58 htheir initial evening positions.

when the outermost crown clusters show displacements of sit lea  Like Figures 5 7 illustrates the total 3D displacements of
0.09m. The remaining foliage shows systematic movements séven manually selected clusters in gmall Norway maple.
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FIGURE 3 | A synthetic example of the clustering process presenting picessing steps in panels. Panels with the dark blue backgraud (A-D) show the initial cluster
determination process for the rst DAI. Pane(E) with light green background shows the result of the initial lastering. Panels(F—I) show the nearest neighbor search
between the following consecutive DAIs(A) Random selection of cluster centers with at least distance mhin from each other.(B) Cluster labeling with the nearest
neighbor search.(C) Label removal from clusters with less than N points\N D 6 in this example).(D) Relabeling of unlabeled points(E) Calculate the cluster median
coordinates with respect of all axis}( ). End of the initial clustering (1. (F) Next data acquisition (jc1) with new points marked as gray(G) Labeling of new (jc1) points
based on their nearest neighbor label(H) Calculation of cluster median locations inig1 ¢ ). (I) Calculation of cluster median location differences betweetic1
(opaque} ) and { (transparent} ).

The small Norway maple was segmented in a total of 877isplacements of the two uppermost crown clusters (629 and 668,

clusters. Here, three stem clusters (8, 62, and 426) arayan and dark red) extend to a maximum of 0.08 m.

four crown clusters (48, 372, 629, and 668) were selected. The cluster displacement trend is similar for all clusters

The two lower stem clusters (8 and 62) show basically nbut presents occasional spiking at individual DAIs. Around

displacement within measurement limits over time. The higthe 23:00 h., all clusters in the upper part of theallNorway maple

stem cluster (426), located in the upper part of the maple crownyere similarly a ected. This suggests a possible air ow awegti

shows time-dependent displacement limited to a maximum ofhe whole small Norway maple crown during the scan. The

around 0.01 m. detected spiking e ects are nevertheless limited to indigidu
All four crown clusters illustrate a similar displacementDAls and cause deviations of only 0.01-0.02 m from the génera

patterns. Until around midnight (00:00 h.) cluster displacensen displacement trend.

are within 0.01 m. Displacement values then begin to increase )

until they reach their maximums about an hour after sunrise.Cluster Movement Analysis of the

Cluster displacement values then fall rapidly toward theiahit Lamppost Point Clouds

pre-sunset DAI positions. The location of the clusterinthewn  Corresponding cluster movement results for the referenogeta

clearly aects the displacement amplitude. The lowest clustethe lamp post, are reported irSupplementary Datasheet.1

close to the stem (48, orange) shows the most limited maximunfhe lamppost was segmented in 124 individual point cloud

displacement at about 0.03m. The second lowest cluster (37@usters using the same parametrization as the two Norway

lilac) shows a maximum displacement of about 0.05m. Thenaple targets. Lamppost results were within the expected
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FIGURE 4 | The maximum cluster displacement of thdarge Norway maple. Each image pane(A-D) represents the aggregated point cloud of thelarge Norway
maple (Acer platanoideg projected onto normalized cylindrical coordinates. Thealors depict the maximum cluster displacement for the clugr location after the rst
DAl at 20:10 h. The color of each pixel shows the maximum disptement of all cluster centers located within it in meters. Gordinates are presented as the
normalized cylindrical coordinates, as de ned in the text.

FIGURE 5 | The cluster displacement over time of selected clusters irhe large Norway maple. (A) The selected cluster location in thdarge Norway maple point
cloud during the initial scan during the rst DAI at 20:10 h. Sies of the selected cluster points have been highlighted forisual clarity.(B) Cluster center displacement
from their initial location measured at 20:10 h. The blue anced vertical lines mark the times of sunset (20:48 h.) and suise (06:00 h.). The light shaded area after
sunset and before sunrise shows civil twilight. The dark shied area shows the time of nautical and astronomical twiligis when the measurement scene was

visually dark.

measurement limits. A clear majority of all detected maximu ndings in the target Norway maple crowns are the result
cluster movements were 6 mm or less at all DAls. The lampposif their internal structural dynamics, not of point cloud or
results verify that individual and overall cluster displagsmh clustering instability.
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FIGURE 6 | The maximum cluster displacement of thesmall Norway maple. Each image pane(A-D) represents the aggregated point cloud of thesmall Norway
maple (Acer platanoideg projected onto normalized cylindrical coordinates. Thealors depict the maximum cluster displacement for the clugr location after the rst
DAl at 20:10 h. The color of each pixel shows the maximum disptement of all cluster centers located within it in meters. Gordinates are presented as the
normalized cylindrical coordinates, as de ned in the text.

DISCUSSION The Proposed Work ow Ef ciency With

Comparison of Cluster Movement Between Regard to Previous Research . .
Recent studies monitoring circadian rhythms in vegetatising

the TWO.Norway Maples . . TLS time series have raised the need for techniques which
A comparison of the cluster displacement trends in the two

o . e ectively monitor phenomena outside laboratory conditions
Norway maples showed both similarities and di erences. Inbot y P y

) L (Puttonen et al., 2015, 2016; Zlinszky et al., 30Capturing
maples stem clusters were virtually stable within measuréme . . .
. and locating these systematic temporal plant movements requi
accuracy over the duration of the measurement. Crown ctaste

also showed similar displacement trends over time. high-density TLS data. These are collected at hourly or even

sub-hourly intervals with centimeter spatial resolutionrda

The main di eren ween the Norway maples was that th - -
e main di erence between the Norway maples was that t %ven less for targets within a few dozen meters. Ful llingsthe

detected cluster movement amplitudes were more pronounced

for the largeNorway maple (note that the scale for the y_axesrequirements rapidly becomes data—intgnsive when fully grow
is the same in both gures). Additionally, DAI-long deviatie plants are used, and the study area is extended to standard

from the general trend in the selected clusters were tasgeti ¢ ecological study units like forest plots where detectionatises

and did not occur in the same DAIs in the Norway maples.'nclrjeas? t_o dozenis rr;]eterst.) df itoring dil
This suggests localized air ows—the maples were locatddrwit romising results have been presented for monitoring dilirna

10m of each other—clustering-related anomalies, or imbme{:haracteristics of small potted 'pIants in controlled enviments
dynamics speci ¢ to an individual specimen @gnszky et al. With close-range laser scanning (e.gornbusch et al., 2012,

(2017)suggest. 201_4. Dornbu_sch et_ al. ob_serve(_j leaf hyponasty i_maabidopsis_

In summary, the experiment demonstrates that di erentthalianaspecimen in their studies, with a special phenotyping
specimens of the same tree species evince both shared af¥$tem over several days. One of their ndings showed a rapid
di erentiating temporal patterns in their structural dynansc downward movement of leaves shortly after dawviese et al.
under the same measurement conditions. The drivers of2007) have also previously reported this. They interpreted
individual variation and their e ect on the dynamics amplitude this movement as correlated with increased leaf growth. The
are important for species-speci ¢ modeling but require moredisplacement maximum of point cloud clusters in Norway

systematic measurements beyond the scope of this studthhiH‘ap|eS was also detected after sunrise in this study. However,
focuses on methodology. measurements were taken at the end of the growth season &bout

Frontiers in Plant Science | www.frontiersin.org 10 April 2019 | Volume 10 | Article 486



Puttonen et al. Structural Plant Dynamics From TLS

FIGURE 7 | The cluster displacement over time of selected clusters irhe small Norway maple. (A) The selected cluster location in thesmall Norway maple point
cloud during the initial scan during the rst DAI at 20:10 h. Sies of the selected cluster points have been highlighted wita dashed circle for visual clarity(B) Cluster
center displacement from their initial location measuredté20:10 h. The blue and red vertical line mark the times of suret (20:48 h.) and sunrise (06:00 h.). The light
shaded area after sunset and before sunrise shows civil tight. The dark shaded area shows the time of nautical and astnomical twilights when the measurement
scene was visually dark.

month before abscissions, suggesting another mechanisinde be considered complementary: Imaging is near instantaneous
the movement. compared with point cloud collection, and imaging sensors can
Herrero-Huerta et al. (20183tudied the leaf movements of usually detect a set of wavelength channels ranging fronwa fe
two potted Calathea roseopictalants in both natural lighting channels to hundreds. However, imaging sensors requireredte
and in darkness. They found that leaf-movement patterns werkght. A detailed 3D model from images based on terrestrial
attenuated and dierent in darkness than in natural lighting close-range photogrammetry is possible (e.get al., 2013; Lou
conditions. They used an octree-based segmentation metthod et al., 2014; Herrero-Huerta et al., 2015; Nevalainen £2@1§.
monitor movements of each plant leaf from within the point However, it requires several images of the object with higége
cloud and point cloud convex hulls to determine volumetric overlap, complicating image collection especially over multiple
change in the point clouds. These approaches are suitable fDAlS. Drones enable time-e cient image collection and can
their selected measurement setting. There were high lodat po provide photogrammetric point clouds of even 15,000 points/m
densities and a plant species with few large leaves that ceuld Wwhen there is a low ying altitude, and a high-resolution cara
clearly distinguished at all times even with a single TLSesyst is used Yiljanen et al., 2018 However, aerial drone imaging
In this study the measurement setting was more complex: Theas limitations in reconstructing 3D models under branchesl
measurement scene had more targets, more internal andretter within the crown because there is no of visual line of sight.
occlusions, longer distances between targets and scararets Mikita et al. (2016)suggested using a combination of drones
a greater variation in point densities. A more straightfordra and terrestrial imaging as a solution for creating compleiz 3
clustering framework was therefore selected. The convélk hunodels. However, point cloud registration in dense canopies
approach determining volumetric changes is as also less bethe can be problematic because of reference point occlusion. These
for larger plants. Although the leaves and branches of fullyimitations make imaging approaches di cult to apply to large
grown trees show clear circadian rhythm dynamics of up tglants in outdoor conditions.
dozens of centimeters, the relative volumetric change coatha  The results demonstrate that the presented work ow can be
with the whole crown volume is limited. In general, consideyi used to monitor point cloud cluster movements consistently on
the technical strengths and limitations of TLS mentioned inobject surfaces when the line of sight to an individual cluste
the introduction, the TLS and image-based techniques cais retained throughout monitoring. Line of sight to indivichl
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clusters was lost due to internal occlusion dynamics in thén tree crowns. For exampleMartin-Ducup et al. (2017)
measurement scene (e.g., systematic branch movements studied tree response to surrounding gaps in a bi-temporal
the trees). study with a 2-year interval. One of their study targets was
Occlusion e ects can be reduced with suitable cluster siza sugar maple Acer saccharumMarsh.) presenting more
selection, but the cluster size also a ects movement detecti than 0.40m branch movements in horizontal branch tips
sensitivity. Other ways to mitigate occlusions are caprin over the acquisition period. Here, point cloud clusters on a
denser point clouds and increasing the scan location numbesimilar sized Norway maple presented movements of up to
to obtain better coverage of the studied targets. The formed.17 m (99th percentile) over a 9-h period. Knowledge of the
leads to longer acquisition times; the latter quickly beesm dierent structural dynamic mechanisms in tree crowns will
impractical due to resource and acquisition time limitation thus be very important for di erentiating between short- and
In this study occlusion did not signi cantly a ect the ovefal long-term components.
aggregated results. Overall, monitoring structural plant dynamics in the natural
The clustering approach tested in this study arguably has aenvironment is a technically complex issue due to several
advantage over voxelization approaches for monitoring imaér intrinsic and external variables. Individual- and speadiekted
dynamics in plant point clouds over a diurnal cycle. For exampledynamics, limited data capture time, large data quantitas]
Lecigne et al. (2017presented a voxelization-based methodweather conditions all have e ects that need consideration in
to analyze tree crown arrangements and their architecturadeveloping future spatio-temporal models.
traits. The voxelization approach is more straightforwarddan
faster than the randomized range-search-based clusterseg]
in this study, but clustering is only performed in the initial CONCLUSIONS

DAI. Clustering in the following DAIs is then undertaken Wit toqrestrial laser scanning time series represent a new approac
a simple nearest neighbor search, which is faster to perforng, yhe study of circadian rhythm dynamics in plant sciences
This makes cluster presentation responsive to the intrinsa@pl ;.4 are increasingly utilized in experimental settings. Aflitg
dynamics, bepause unlike voxels cluster Iocatiqn_s_ ands siz% capture and monitor individual plant-part dynamics in a
are not xed in space. However, .the data acquisitions nee‘é’,ystematic and highly automatized manner will be essential
to be planned with short enough intervals to make sure thafs geveloping new dynamic structural models able to cover
cluster movement amplitudes between two DAls do not lead tQynole plants in their natural environment. It is therefore

overlapping clusters. , o highly important that the large datasets collected duringela
The presented method improves the monitoring performancecanning time series experiments can be exploited to connect

compared with the earlier studies Blitionen et al. (2016and 6 new information about plant dynamics with the already
Zlinszky et al. (2017)which focus on short interval TLS point gyisting knowledge of circadian rhythm characteristicse W
cloud uses. In both studies (;|rcaq|an rhythm:; In tree CrOWN$ave presented a data collection framework for monitoring th
were monitored for changes in point cloud height percentiles ;cadian rhythm in spatio-temporal dynamics of tree crowns i

Height percentile monitoring o ers a statistical interprei@n of 6 growing environment to support future research on the topic
crown movements. This may be the only feasible option with

sparse point clouds, but it cannot distinguish varying movaine
patterns in di erent parts of the crown. As this study shows,AUTHOR CONTRIBUTIONS
clusters in horizontal branch tips present the highest moveime

amplitudes. Clusters on the same horizontal branch but clase EP @nd NP contributed to the study's conception and design. EP

the stem move less. In height percentile presentation theset® e conducted data analysis and method development, and wrote the

would be averaged and decrease the total movement amplitud@@nuscripts rst draft. EP, ML, PL, RN, ZF, XL, SW, MP, TH,
However, clusters near vertically aligned branch tips mageme and MK contrlbuted to the data_l acqu_ls_ltlon campaign. All the
very limited movement, even though their distance to therste 2uthors contributed to manuscript revision, read, and apprbve
may be similar to those on horizontal branch tips. the submitted version.

This study's results also raise a question concerning the
optimal timing for large-area data acquisition, e.g., inésr FUNDING
inventory. As the results show, the highest detected moweme
amplitudes occugfter sunrise, when the measurement scene i§his work was supported in part by the Academy of
already well lit. This may have implications for the planningFinland Center of Excellence in Laser Scanning Research
of several day-long measurement campaigns over wide aredNp. 272195/292735/307362) and the Academy of Finland's
because crown geometries will change during data acauisiti research projects New Applications for Ubiquitous Multi- and
adding noise to the dataset and bias depending on the forestyperspectral Mobile Mapping Systems (No. 265949/292757),
type. Multi-temporal studies focusing on quantifying canopylntegration of large multisource point cloud and image datase
changes in monthly or annual intervals are another area Wwhicfor adaptive map updating (No. 295047), and Upscaling of
would benet from a consideration of the study's results.carbon intake and water balance models of individual trees
To our knowledge few if any studies in the literature haveto wider areas with short interval laser scanning time serie
accounted for the possibility of circadian rhythm dynamics(No. 316096).
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Supplementary Datasheet 1 | Measurement stability results and cluster
displacement analysis of the reference target, the lamppds

Supplementary Datasheet 2 | Cluster movement tables for all presented objects

constructive Commentary that helped to Improve theinASCIIformat, zip compressed (.txt)Scan times.txt contains scan DAIs in

original manuscript.

SUPPLEMENTARY MATERIAL

format “DD-MMM(txt)-YYYY hh:mm:ss”, with one DAl in eachre.
Ref_sphere_ii_center.txt les contain the center point locations tted to the
reference sphere point clouds. Each sphere has its own le, laeled “ii” in the le
name. The le format is that each row corresponds with the DAlsand the column
order of the coordinates is x, y, and z. For all three monitocktargets, there are

The Supplementary Material for this article can be foundthree les named “TT_cluster_centers_x .txt,” where “TT" is the target name and

online at: https://www.frontiersin.org/articles/10.388ls.2019.
00486/full#supplementary-material

Supplementary Video 1| A time-lapse video of measurements, 20:10-07:00 h.
The time lapse was recorded next to the FARO Focus 3D 120 S1 (mked with
blue inFigure 1).
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