
6324 IEEE TRANSACTIONS ON GEOSCIENCE AND REMOTE SENSING, VOL. 56, NO. 11, NOVEMBER 2018

Quality Assessment of Terrestrial Laser Scanner
Ecosystem Observations Using Pulse Trajectories
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Abstract— Considering the trajectories of pulses from ter-
restrial laser scanners (TLS) can provide refined models of
occlusion and improve the assessment of observation quality
in forests and other ecosystems. By considering the space tra-
versed by light detection and ranging (lidar) pulses, we can
separate empty regions of an ecosystem sample from unobserved
regions of an ecosystem sample. We apply this method of TLS
observation quality assessment, and analyze Compact Biomass
Lidar 2 (CBL2) TLS observations of a single tree and of a
deciduous forest stand. We show the contribution of information
from each TLS scan to be inconsistent and the combination
of multiple scans to have diminishing returns for new infor-
mation, without guaranteeing complete coverage of a sample.
We quantitatively investigate the effects of imposing information
quality requirements on TLS sampling, for example, requiring
minimum numbers of observations in each region or requiring
regions to be observed from a minimum number of independent
scans. We show empirically that rigid, predefined TLS sam-
pling schemes, even with hypothetically dense coverage, cannot
guarantee successful samples in geometrically complex systems
such as forests. Through these methods, we lay the groundwork
for on-the-fly assessment of observation quality according to
several modeling-relevant metrics which enhance TLS ecosystem
assessment. We also establish the value of flexible deployment
options for TLS instruments, including the ability to deploy at a
variety of heights.
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I. INTRODUCTION

IN THIS paper, we compute the trajectories of light detec-
tion and ranging (lidar) pulses from terrestrial laser scan-

ner (TLS) observations of an individual tree and a forest
stand to assess the extent and quality of observations resulting
from various sampling strategies. TLS make large numbers
of discrete lidar observations of their surroundings, which are
generally used to infer the position and shape of objects [1].
The ability of TLS to provide detailed representations and
reconstructions of their surroundings has led to the deriva-
tion of estimates of ecosystem properties [1]–[3], as well
as validation for estimates of ecosystem properties derived
from satellite and airborne remote sensing instruments [4]–[6].
However, lidar is limited to line-of-sight observation. Since
the complex structure of ecosystems (the number, geometry,
arrangement, and spectral properties of objects) guarantees
that some regions of an ecosystem will be occluded from any
given position, some regions of an ecosystem will inevitably
be omitted from a sample [7], [8]. Forests, where TLS have
gained considerable traction as observation tools, are partic-
ularly challenging [8] as trees are complex objects of highly
variable morphology, which occur in highly variable arrange-
ments. Forests also have stand-scale structural tendencies that
can greatly increase occlusion, such as vertical stratification,
understory development, and crown intermingling.

Current attempts to mitigate the uncertainty from occlu-
sion in TLS data typically involve the use of rigid sam-
pling schemes that hypothetically produce dense coverage.
The remaining uncertainty in the TLS observations is then
characterized by comparing the TLS-derived estimation of an
ecosystem property to a validation measurement obtained by
some other means. For example, a tree volume calculated
from a quantitative structure model [9], constructed from TLS
point-cloud data, can be compared to the measured volume of
that tree after it has been destructively sampled [1]. However,
these methods only allow us to understand the uncertainty
arising from occlusion after it is propagated to error in
models, by which point it is confounded by other sources of
uncertainty [10]. Therefore, it is desirable to assess occlusion
and other metrics of TLS observation quality, further upstream
in the analytical process, ideally at the level of the individual
lidar samples of an environment.

Metrics that consider the presence and density of lidar
returns are already employed to infer TLS observation extent,
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since the presence of a lidar return at a specific point in
space indicates that a pulse was scattered from an object
in that location, and therefore that the point in space was
observed [1], [11], [12]. However, existing work has shown
that a more direct model of occlusion can be formed by
considering the complete optical path of each lidar pulse in
TLS scans, as this process can distinguish between unobserved
regions of a sample (not checked for an object during sam-
pling) versus empty regions (checked for an object during
sampling, and none was found).

The consideration of lidar pulse trajectories has been uti-
lized for a variety of purposes in several previous studies.
Certain methods for retrieving ecosystem properties from lidar
observations include the path length and angle of pulses
as a parameter implicitly describing occlusion [13], [14].
Béland et al. [15], [16] assessed the occlusion in voxels
according to the proportion of pulses that traversed those
voxels. In addition, Béland et al.’s [15], [16] studies linked
the quantification of occlusion to accuracy in downstream
modeling results. Hancock et al. [11], [17] utilized metrics
derived from pulse pathways as a surrogate for uncertainty,
feeding this back into upstream determination of sampling
parameters such as plot size and scan numbers. Most recently,
Kükenbrink et al. [18] evaluated regions of occlusion in
forest canopies, and estimated uncertainties in canopy volume
retrievals by modeling the paths of pulses from an airborne
lidar scanner.

II. METHODS

TLS data utilized in this paper were collected with the
Compact Biomass Lidar 2 (CBL2) instrument (University of
Massachusetts Boston, Boston, MA, USA), based on the SICK
LMS-151 lidar unit [10]. The CBL2 is a 905-nm wavelength,
time-of-flight, discrete scanning lidar with a 0.25° angular
resolution (separation between pulses) and a 360° horizontal
(azimuthal) and a 270° vertical (zenithal) angular scanning
range. The pulse rate of 50 kHz provides a very rapid 33-s
scan with a maximum range of 45 m. Beam divergence is 0.86°
(15 mrad), and the beamwidth at the optical center is 8 mm.

It should be noted that the CBL2 has a coarser angu-
lar resolution (angular separation between emitted pulses),
shorter maximum range, and wider beam divergence than some
other contemporary instruments [1], [19], [20]. For reference,
the Riegl VZ-400, used in many relevant studies [1], [12], [21],
has an angular resolution of 0.0024°, a maximum range
of 600 m, and a beam divergence of 0.02° (0.35 mrad).
However, the rapid scanning and portability of the CBL2 make
it a useful tool for investigative studies such as these.

Two sets of CBL2 scans were acquired, one covering a
temperate forest stand and the other capturing a single tree to
act as demonstrations of this observation quality strategy. All
scan positions of both sets were established with surveying
methods and equipment. The forest stand is a long-term
hardwood research site in Harvard Forest, MA, USA, and
scans were acquired in August 2014 during leaf-ON conditions.
Scans were taken on a grid consisting of nine vertices, with
internal edges of 12.5 m in length (Fig. 1). Field measurements

Fig. 1. Point clouds from the nine scans (one color per scan, black x denotes
scan location) of the CBL2 of the Harvard Forest hardwood plot (MA, USA).
Includes points corresponding to the maximum range of pulses with no returns.
The full stand and subset used in this paper are delineated by the black boxes
in (top) plan and (bottom) oblique views.

for five 20-m diameter plots within the forest stand had a
mean stem density of 0.76 stems per square meter (standard
deviation 0.08) and a mean diameter at breast height (DBH) of
20.56 cm (standard deviation 13.84). A subsample of 60 trees
had a mean height of 20.33 m (standard deviation 6.28 m),
a mean crown base height of 9.21 m (standard deviation 3.63),
and a mean crown diameter of 8.80 m (standard deviation
3.05 m). The most common tree species in the plots were
yellow and black birch, red oak, and red maple.

The single tree was a dead black locust tree, devoid of
leaves but otherwise intact, located in managed parkland in
Dorchester, MA, USA. A dead tree was used so that scans
could be taken in leaf-OFF conditions to better understand the
relationship of scanning configuration to tree structure, while
utilizing the longer daylight hours of the summer to make
all observations in a single day. Scans of the single tree were
acquired in June 2015. Scans were taken at four cardinal points
from a distance of 5 m and at two heights (1.4 and 3 m),
totaling eight scans (Fig. 2).

The lidar data were processed into returns with local polar
and Cartesian co-ordinates. The positions of the returns from
each scan were then transformed according to the scan posi-
tions in the field, which had been established with traditional
surveying techniques. Any residual disagreement between the
scans evident in visualizations was mostly from small rota-
tional discrepancies, likely resulting from slight differences
in the placement of the instrument in the field. These were
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Fig. 2. Sampling scheme for the single, leafless black locust tree located
in managed parkland in Dorchester, MA, USA, scanned in June 2015. Four
scans were taken in cardinal directions at each height (black: 1.4 m; red: 3 m).

Fig. 3. Demonstration of types of pulse/voxel interactions for a single
vertical “slice” of voxels from a single scan location (red X). Black points
are the CBL2 point cloud. Blue voxels contained a return. Green voxels were
traversed by a pulse which eventually generated a return. Yellow voxels were
traversed by a pulse which did not generate a return. Red voxels were not
observed. Note that voxels often contain more than one kind of interaction
(Fig. 4).

removed by fine-scale, iterative, supervised rotational trans-
formations of each scan.

The trajectory of each pulse was computed. Pulses with
no return were assumed to have a maximum range of 40 m.
In pulses with returns, only portions of pulses up to the
first return were utilized, since object detection becomes
more inconsistent after the first scattering event. To spatially
summarize the data, interactions precise to 1-mm intervals
were derived between the trajectory of each pulse and a 3-D
grid of 0.5-m voxels (discrete cubic regions existing on a
continuous Cartesian coordinate grid).

Fig. 4. Returns (black points) from CBL2 scan (red X) of the single tree.
(Top) Blue voxels contain returns. (Middle) Green voxels were traversed
by pulses which eventually generated a return. (Bottom) Pink voxels were
traversed by pulses which did not generate a return. The addition of the pulse
trajectory information to characterize space which is observed, but empty,
enables refined estimates of unobserved space (Fig. 5).

Fig. 5. Returns (black points) from CBL2 scan (blue X) of the single tree.
Red voxels are refined model of unobserved regions after consideration of
pulse trajectories (Fig. 4). The major region of occlusion is directly behind
the tree, relative to the scan position. A small region of occlusion under the
scan position results from the 270° vertical sampling range of the CBL2.
An additional small region of unobserved voxels to the bottom right of the
plot corresponds to occlusion from tall grass.

A record was made of each time a scan contributed a pulse
to a voxel. These pulse/voxel interactions were categorized
into three types: pulses that terminated in a return within the
voxel; pulses that terminated in a return in a subsequent voxel;
and pulses that passed through the voxel but did not ultimately
terminate in a return (Figs. 3 and 4). The remaining voxels
with no record of any pulse/voxel interactions were deemed
unobserved due to occlusion or the angular separation between
pulses (Fig. 5).

For the stand-scale study, voxel data were then analyzed
both in a 65×65×40 m3 volume encompassing the maximum
ranges of all the scans and in a 30 × 30 × 40 m3 subset
bounded by the centers of the scans (Fig. 1). For the single
tree study, voxel data were assessed in a 16.5 × 18 × 22 m3



PAYNTER et al.: QUALITY ASSESSMENT OF TLS ECOSYSTEM OBSERVATIONS 6327

TABLE I

SUMMARY OF RESULTS AND ATTRIBUTES

volume, fully encompassing the tree (Fig. 2). In both studies,
unobserved voxels occurring below the ground due to ground
slope were excluded from analyses.

The relationship between the sampling schemes and the
quality of the observations of the plots was investigated in
two ways. First, to examine the influence of the total number
of scans on the amount of information obtained, all sizes of
scan sets from a single scan to all scans in each study with all
possible combinations of scans for each set were considered.
Second, to examine the variation in information gained for
each additional scan, all possible permutations of the order in
which scans could be combined were considered (362 880 for
the forest stand, and 40 320 for the single tree). In other words,
the contribution of each scan was assessed as if it was the
first scan performed or as if it was the second scan performed,
given each other possible first scan, and so on. In this way, the
second process described information gain from a particular
scan, given a particular preceding combination of scans, which
is distinct from the total information contained within the
resulting combination of scans.

For each permutation, the number of new voxels which
were observed for the first time by each consecutive scan was
calculated, along with the amount of observations made of the
newly observed voxels. To investigate the potential impact of
prerequisite information quality standards on sampling cost,
the information gain was also recalculated to simulate the
effects of imposing a range of potential threshold values.

Fig. 6. (Top row) For each CBL2 scan and (Bottom row) for each pair
of adjacent CBL2 scans in the full forest stand, (Left) total voxels observed,
(Middle) total observations of voxels, and (Right) observations per voxel.
Note the inconsistent information gain between scans and between pairs of
scans. These data suggest that single TLS scans offer variable amounts of
information, and spatial coverage is neither complete nor consistent, even
when multiple overlapping scans are combined.

Potential threshold values for minimum observations per voxel
(10, 25, 50, 75, and 100); and minimum numbers of scans
observing a voxel (2, 3, and 4) were considered.

III. RESULTS

The forest stand and single tree studies considered a total
of 17 scans and 13.2 million total pulses. The numbers
of observed and unobserved voxels and occurrence of each
type of pulse/voxel interaction for each study can be found
in Table I. In the full stand-scale data set, which included
a large area beyond the boundaries of the scanning grid
(Fig. 1), 44.2% of voxels were unobserved. The percentage
of unobserved voxels dropped to 35.5% for the subset of the
volume within the boundaries of the scanning grid. In the
full forest stand data sets (Fig. 6), individual scans observed
varying numbers of voxels [0.16 coefficient of variation (CV)
(see Table I)], and contributed varying numbers of total
observations of voxels (0.14 CV) (Fig. 6). The variation in
contribution per scan was considerably higher for the forest
subset (0.26 CV voxels observed, 0.62 CV total observations),
but considerably lower for the single tree (0.009 CV voxels
observed, 0.06 CV total observations).

For the single tree study, when all eight scans were com-
bined, only 0.02% of voxels were unobserved (Fig. 7). Due to
the relative openness of the single tree scene, there was a much
higher occurrence of pulses intersecting voxels, without ever
producing a return, in the single tree data set (11.81 million
events per scan) than either the full forest stand (1.56 million
events per scan) or the forest stand subset (0.47 million events
per scan). Once even a few scans were combined, this leafless
tree and its immediate surroundings were almost completely
observed (Fig. 7). Once all eight scans were combined, only
a single, localized region of unobserved voxels remained,
which was associated with occlusion from a patch of tall grass
(visible in Fig. 5).

The spatial distribution of the different types of pulse/voxel
interactions are intuitively linked to the scan positions and the
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Fig. 7. Box plot of the number of new voxels that contained returns observed
by all permutations of sequentially added CBL2 scans of the single tree. These
data suggest that a great deal of important information is consistently added
by a second scan, but additional new portions of the tree structure were also
observed by third and fourth scans. New regions were observed even when an
eighth scan was added. It could be argued that 3–4 scans consistently capture
most of the tree structure, in this case.

Fig. 8. Number of scans which independently observed voxels (Top left)
for the full forest stand and the (Top right) stand subset. (Bottom) Within the
full stand, the spatial distribution of the mean number of scans observing
each voxel creates distinct patterns attributable to occlusion by tree and
demonstrates many rarely and exclusively observed regions.

ecosystem and object structure (Figs. 8–10). The unobserved
regions were visibly occluded by particular objects (such as
trunks, branches, and vegetation), with objects closer to the
scanner creating larger regions of occlusion. Unsurprisingly,
the forest stand data set contained a lot of unobserved voxels
in regions that were behind trees, relative to scan positions.

Fig. 9. (Top left) Number of unobserved voxels for the full forest stand
tended to increase with height, as canopy structure creates occlusion, and
range increases the angular separation between CBL2 pulses. Once the height
exceeded the range at non-zenith angles, almost all voxels were unobserved.
(Bottom) There was also substantial spatial variation in the amount of
occlusion. (Top right) Left-hand skew of the distribution suggests that there
were small regions of occlusion throughout much of the extent of the region,
with the long right tail suggesting that a few regions were severely occluded.
(Bottom) These highly occluded regions tended to be toward the edges of
the study site, but there was also inconsistent light to moderate occlusion
everywhere.

IV. DISCUSSION

The variation in the contribution of scans from different
positions within the same ecosystem samples illustrates the
important point that the observation extent, and therefore
information gained, from any TLS scan cannot be guaranteed.
Furthermore, the contribution of scans can be expected to
vary substantially, especially in more geometrically complex
samples, as demonstrated by the higher variability in the forest
stands versus the single tree. Extrapolating, a rigid sampling
scheme (for example, grid-based scan positions, as used here
for the forest stand) cannot be expected to produce consistent
and complete observations of an ecosystem.

In this paper, we also see empirical evidence that obser-
vation quality is inconsistent even when a large numbers of
scans and a high density of TLS observations are acquired. The
12 possible pairs of adjacent scans (12.5 m apart) for the forest
stand were compared for the information added by the second
scan in each pair. There was substantial variation in the
number of newly observed voxels and observations within new
voxels by the additional scans (Figs. 8 and 9). This variability
suggests that simply increasing observation density without
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Fig. 10. (Top left) Density of observations varies greatly in the forest stand
subset. (Top right) Voxels which are observed many hundreds of thousands
of times occur at the scan locations. Generally, observation density declines
with distance from a scan, though patterns resulting from occlusion by trees
are obvious both in (Bottom left) reduced observation density and (Bottom
right) reduced numbers of scans observing voxels.

assessing the specific occlusion in an ecosystem sample is
not likely to overcome the strong and variable occlusion
patterns of forest ecosystem. In the subset of the forest stand
surrounded by eight scan positions, and containing a ninth,
there was almost complete hypothetical coverage of the vol-
ume (40-m range scans, separated by a maximum of 12.5 m,
evaluated over a 40-m-height range). Regardless, even when
all the nine scans were actually combined, 1492.2 m3 remained
unobserved (Fig. 10) through occlusion, though this represents
only 3% of the cubic volume of the sample area.

In addition to the completely unobserved regions of the
ecosystem samples, there were also regions which were
observed quite rarely. Even in the densely scanned forest
subset, a large number of voxels (59 041 voxels totaling
7380 m3) were observed exclusively by single scan, and few
voxels were observed by more than five scans. The fact that
substantial regions in these ecosystem samples were rarely
observed further supports the notion that individual scans will
make inconsistent contributions to overall sampling extent and
quality. Therefore, even densely gridded sampling schemes
may not provide complete coverage of a sample.

This notion is further supported by the single tree data
set, where additional scans across all possible permutations
regularly observed new voxels even up to the total of eight
scans (Fig. 7). Although the addition of newly observed
voxels drops off rapidly as more scans are added (Fig. 7),
the persistence of occlusion in a single tree data set is still
remarkable because the data set only considers a compact
volume containing a single object. This persistent occlusion
implies that certain regions of ecosystem samples will be
observable from a relatively small subset of view angles, and
therefore quite specific scan positions.

Examining the number of scans which observed voxels, and
the density of unobserved voxels (Figs. 8 and 9), over the

horizontal extent of the forest stand, reveals that occlusion
does have some predictable and intuitive tendencies. For
example, the frequency of unobserved voxels increases toward
the boundaries of the sample (Fig. 9). This tendency would
be expected as these regions are both farthest from any one
scan and are viewed from the smallest range of potential view
angles between scans.

While the frequency of unobserved voxels in the forest
stand data set may vary unpredictably in horizontal space,
it does seem to be a function of height (Fig. 9). Frequency
of unobserved voxels rises steadily with height, until it spikes
as the height exceeds the maximum range of the instrument.
Of course, TLS observation extent should be expected to
decrease with height, since there is both a greater angular
separation between pulses with range, and greater potential
for occlusion from the convoluted structure of forest canopies.
Understory vegetation likely explains the small rise in fre-
quency of unobserved voxels at low heights (Fig. 9).

The total number of observations of each voxel was also
found to be highly inconsistent. This inconsistency is most
clearly represented in the forest stand subset (Fig. 10), where
we can see that observation density decreases with range from
the nearest scan position, as would be expected. Voxels close
to the scanner subtend a larger solid angle from the scanner
and therefore receive more pulses. In addition, voxels directly
above a scanner are sampled with every rotation of the scan
mirror, since scans converge at the zenith. Extremely highly
observed voxels are, therefore, intrinsically associated with
scan positions. Prominent regions of low observation density
in the horizontal distribution (Fig. 10) are again consistent with
occlusion from trees.

During the sampling of the single tree, we utilized an
extended tripod to obtain scans from an increased height (3 m).
We compared these data to the scans acquired from the same
horizontal position at the instrument’s normal deployment
height of 1.4 m. There were no voxels which were exclusively
observed by either the four high scans or the four low scans.
Also, there was no observed benefit of height, in terms of
number of new voxels observed, when an additional scan was
added to an initial low scan. This result runs counter to the
intuitive notion that a higher scan position would result in more
observations in the upper regions of the tree, and furthermore
the strong relationship of observation quality metrics to height
in the full stand also supports this expectation. However,
the lack of occlusion in the single tree study, as well as the
relatively low height of the single tree (17 m), likely serves
to mask the intuitive benefit of deploying the TLS at greater
heights.

Examining the number of observations of the tree structure
over height, we see that high scans offered comparable num-
bers of observations of lower portions of the tree structure,
but substantially higher numbers of observation for higher
portions of the tree structure (Fig. 11). In other words,
the higher scan positions offered more total observations of
the tree per scan, with a large improvement in the obser-
vation density in the upper portions of the tree, at only a
slight cost in the density of the observation in the lower
portions.
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Fig. 11. For the single tree study, the number and height distribution of
returns varied substantially between the different scan locations. High scans
consistently made more observations of higher regions of tree structure than
low scans taken at the same positions. However, neither high nor low scan
positions make many observations of the uppermost portions of the tree
structure, due to the integration of occlusion from canopy structural features.

Due to the emergence and refinement of technologies to
provide real time, highly accurate estimates of the position
and orientation of instruments, such as real-time kernel global
positioning systems, and compact inertial movement units,
as well as the continuing increase in mobile computing power
and the continued improvements of TLS quality and efficiency,
we foresee the eventual capability to assess TLS observations
quality during the sampling of an ecosystem. The ability to
track the position and orientation of an instrument permits
the derivation of transformation matrices to register one scan
with another, which can implemented with mobile computers
of ever-increasing power and portability. However, operational
responsive sampling requires a relevant metric of observation
quality to track within the data and an appropriate thresh-
old value of that metric to target in order to consider the
observations complete. We suggest that appropriate metrics
and threshold values could be established as follows.

Potential candidates for information quality metrics would
first be related to validated observations of the target ecological
variable, after the lidar observations have passed through
the relevant processing and analysis. Suitable data sets for
these preliminary analyses exist across a wide variety of
ecosystems and instrument specifications for several key forest
ecology variables such as DBH, tree height, and stem density.
Candidate observation quality metrics could be as simple as
a requirement that each region of the forest space, subdivided
in some way, such as by voxels, is observed. Alternatively,
observation quality metrics could be as specific as requiring a
certain angular distribution of pulses to observe each region,
such as the requirement for voxels to be observed by multiple
discrete scans demonstrated in this paper. This particular
metric would be appropriate for retrieving any ecological
parameter that may have view-angle dependencies, such as
gap probability.

Once a candidate metric has been established, the rela-
tionship of that metric to the downstream error in validated

Fig. 12. Establishing information requirements for thresholds of (Left)
observations per voxel and (Right) scans per voxel reduced the number of
voxels considered successfully observed for the forest stand subset. This
reduced success persisted even with the addition of several scans, exacerbated
by imposing more stringent requirements.

observations would be assessed. Major inflection changes
or pronounced elbow points in this relationship would repre-
sent observation quality thresholds corresponding to a rapid
change in the accuracy of downstream modeling. These influ-
ential values would make appropriate threshold values for the
chosen observation quality metric. Different sampling scheme
approaches would then be tested, evaluating their reliability in
achieving the required threshold of quality. It should be noted
that many TLS applications in forestry have achieved, or are
in the process of achieving, the necessary steps to understand
the most important attributes of data quality for the quality
of their downstream modeling, and have established relevant
target values for their attributes. In particular, lidar retrievals
of DBH, tree height, and leaf area index are well-characterized
for certain aspects of sampling-related uncertainty [11], [12],
[15], [16], [22], [23]. Implementing responsive sampling
schemes could be a useful next step for these applications.

To demonstrate the potential influence that information
requirements would have on the necessary sampling effort,
we analyzed the success of the TLS observations in this paper
according to two intuitive types of information requirements.
The first was a required number of observations per voxel,
predicated on the assumption that the more observations of a
particular region of space are obtained, the lower the errors
in modeling its contents. The second information requirement
tested was a specified minimum number of scans indepen-
dently observing a voxel, based on the idea that acquiring
additional view angles of an object would more completely
observe its structure. We also investigated the effect of varying
the stringency of these information requirements from 10 to
100 observations and 2–4 scans per voxel, respectively.

We found that increasing the required numbers of observa-
tions per voxel greatly decreased the number of “successfully”
observed voxels in all data sets (Fig. 12). Considering all the
possible permutations of order for the scans to be added to
each data set, increasing the required numbers of observations
per voxel also greatly reduced the rate at which voxels were
observed (Fig. 12), considerably increasing the scanning time
in the field. A similar reduction in observation totals and rate
was evident with an increase in the number of scans required to
observe each voxel (Fig. 12). While a reduction in observation
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total and rate was inevitable in both cases, it was notable for its
rapid fall off, particularly when requiring increasing numbers
of observations per voxel.

Evaluating this study, it should be restated that the
CBL2 employed in this paper has a coarser angular
resolution (0.25°) than many contemporary instruments,
a shorter maximum range (45 m), and a wider beam diver-
gence (0.86°) [1], [19], [20]. An instrument such as the
Riegl VZ-400 (angular resolution of 0.0024°, range of 600 m,
and beam divergence of 0.02°) [1], [12], [21] would have far
superior coverage and provide a much higher frequency of
observations in voxels. In addition, the finer beam divergence
would allow pulses to penetrate and see through and beyond
smaller gaps, also providing more observations, and better
observation coverage. Also noteworthy is the potential of
mobile, continuous-scanning TLS such as the Zebedee, which,
while quite coarse resolution and quite limited range may
utilize its mobility to considerably mitigate occlusion issues.
In fact, scanners with enhanced deployment flexibility, such
as the CBL2 and Zebedee, may be suitable to use in tandem
with instruments with higher overall performance to complete
the coverage of observations. Overall, therefore, the poten-
tial influence of instrument-dependent factors on observation
quality should always be considered in the planning of an
acquisition campaign [10], [11], [14], [19], [20], [22], [23].

It should be noted that there are also several potential
sources of error that could result in pulse/voxel interactions
being placed in the incorrect voxel. Errors in scan registration,
the atypically wide beam divergence of the CBL2, and a
lack of detection of strongly absorbing or strongly specular
surfaces, or surfaces orientated other than orthogonally to
the pulse, may all contribute to false observations of false
pulse/voxel interactions. The careful registration of scans, and
the filtering the data to use only first returns, and portions
of pulses up to first returns were employed to mitigate these
concerns for this paper. However, care should also be taken
when assessing particular characteristics of individual forests,
for example for a forest following a fire, as burned bark may
be strongly absorptive.

In addition, while voxelization is a convenient method to
assess the spatial attributes of pulse trajectory information,
it must be understood that voxelization spatially averages
the data. This spatial averaging may offer some protection
against individual, high magnitude errors in the position of
lidar returns, but at the cost of potential information from the
specific spatial properties of any given pulse. Voxelization is
just one potential method of partitioning the space to assess
observation quality, but it was utilized in this paper as it offers
intuitive quantification of the distribution of lidar observations;
it is a common method employed in TLS ecological research,
and it may also offer the computational efficiency to permit
the assessment of occluded areas and information quality on-
the-fly during sampling in the future.

The voxel size of 0.5 m used in this paper is coarse com-
pared to contemporary voxelization studies aimed at estimating
vegetation content [12], [13], [16]. While this voxel size is
appropriate to the specific aim of this paper, namely, to estab-
lish the irregular and unpredictable patterns of occlusion that

occur in trees and forests, and highlight potential techniques
to mitigate the resulting uncertainty in observations, such
coarse voxels may not be appropriate for eventual opera-
tional use. The appropriate voxel size for a particular study
should depend on the overall size and specific morphology
of the trees, as well as the spacing of the trees within the
environment. Large tree trunks, for example, could entirely
encompass smaller voxels, preventing their observation and
biasing quality assessments. Appropriate voxel size may also
depend on the importance to a specific study of capturing the
particular structural features of a forest. For example, in a
forest with very high stem density, the smaller gaps between
the closely spaced stems could be bridged by larger voxels.
While pulses encountering the stems would technically have
made observations of the region described by the voxel, they
may not be representing the important aspects of the structure
within it, namely, the individual stems and the gaps between
them.

Particular types of forest may also require specific para-
meterization of quality assessment methods. Forests predomi-
nantly consisting of broadleaf trees, for example, may benefit
from a smaller voxel size to precisely describe the observations
of the complex canopy structure and gaps, while regions of
more compact and uniform coniferous trees might be better
assessed with a larger voxel size. For ecosystems such as
tropical forests, which contain a wide variety of tree mor-
phologies, as well as complex understory, and distinct vertical
stratification, hybridized models involving different parameter-
izations, and even different quality assessment metrics, may
be appropriate. Also worthy of consideration when selecting
an appropriate voxel size will be the resulting computational
efficiency, and the frequency of misplacement of pulse/voxel
interactions, influenced by both voxel size and individual
scanner properties such as beam divergence.

V. CONCLUSION

Utilizing the information contained implicitly in the tra-
jectories of TLS pulses has been previously shown to add
valuable context to TLS observations, and in this paper,
trajectories are offered as a more refined model of observation
quality for forest ecosystem samples, particularly by distin-
guishing between unobserved regions versus empty regions.
Through this paper, we have empirically demonstrated that
the extent and quality of TLS observations of an ecosystem
sample can vary considerably. It is, therefore, often difficult
to capture a complete ecosystem sample even when dense
TLS observations are available, particularly in geometrically
complex ecosystems such as natural forests. Even on the scale
of a single, isolated object like the single tree in this paper,
complex occlusion patterns still challenge the ability of TLS
to observe every region of a sample. The most important
conclusion from these findings is that rigid, predetermined
TLS sampling schemes (number and arrangement of scans)
can never guarantee a particular observation extent or quality
in ecosystems with irregular geometry.

To improve future TLS studies, we suggest the eventual
implementation of two novel strategies. The first strategic
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component is a priori definition of information requirements
to consider an ecosystem sample successfully observed. The
exact metrics and stringency of these information require-
ments would obviously be relative the specific purpose of the
study. Information requirements for a study could generally
be derived by relating the error in downstream estimations of
ecosystem properties to the quality of the upstream TLS data.
The data to derive these quantitative relationships could be
acquired from a combination of rapidly deployed pilot studies
(as represented herein), analogous previous studies, or by
simulation.

The second strategic component to implement in future
TLS studies is the measurement of chosen information quality
metrics during sampling, in order to monitor the quality of
the sample, and thus guide additional observations until the
requirements for success are met. The computational power
available through contemporary mobile devices is already
sufficient to operationally employ methods such as those
utilized in this paper, which consider the trajectory of lidar
pulses to assess TLS observation quality.

We can also conclude that flexibility in the deployment of
TLS instruments can be of considerable benefit to improving
the extent and quality of observations. The ability to complete
scans rapidly, acquire scans in quick succession, and deploy at
multiple heights may be extremely beneficial to overcoming
the challenges of occlusion in forests. Conceivably, in the
future, more compact and rapid TLS instruments could be
routinely deployed in tandem with highly capable instruments
that offer natively higher information quality.

Overall, the approaches in this paper can be used to provide
the immediate refinement of the quality assessment of TLS
observations, and ultimately, these techniques are a step toward
guaranteeing the quality of TLS observations at both the object
and ecosystem scale.
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